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The five-factor model of personality (extraversion, agreeableness, conscientiousness,
neuroticism, openness to experience) is an empirically based personality model that has been
utilized in multiple psychological assessments. Recent works have found Block & Block’s (1980)
three personality profiles (resilient, overcontrolled, undercontrolled) within the context of the
five-factor model. This study performed a latent class analysis using a short FFM assessment
from the SAPA project, a free online personality test. The intention of this study was to replicate
the three personality profiles within the five-factor model. Four latent classes were included in
the final solution. Two of the three personality profiles emerged in the latent class analysis. For
the other two classes, one was found in other works and the other has not been found before to
this author’s knowledge. Three other covariates were included in the analysis: gender, age, and
educational attainment. Implications of the findings are discussed.
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Introduction
If someone asked you to describe yourself, how would you respond? No matter the
response, your answer tells the other about an important aspect about yourself: your
personality. The American Psychological Association (2021) defines personality as the "individual
differences in characteristic patterns of thinking, feeling, and behaving." Our personality traits
are the core of who we are and describe how we behave compared to others. With the
dictionary containing thousands of personality descriptors, there are a seemingly endless
number of words that one could use to describe oneself. It is hard to imagine that the
similarities and differences between personalities could be summarized by only a few terms, yet
the study of personality has evolved over the past century to do just that (Costa & McCrae,
1985; Thurstone, 1934).
Psychologists have developed personality assessments to measure personality traits.
Some personality assessments have 20 items (O’Keefe, Kelloway, & Francis, 2012), whereas
others might have 240 items (Costa & McCrae, 1992) depending on the desired depth of
measurement. Personality assessments were originally developed to assess patients receiving
counselling (Heymans & Wiersma, 1906). Currently, personality assessments are used by
psychologists as well as other professionals, including personnel selection in the workplace (e.g.,
Goodstein & Lanyon, 1999) and the military (e.g., Darr, 2011). Furthermore, free personality
assessments are available online. Over time, researchers have analyzed measured personality
traits to investigate the structure of human personality and the potential to apply personality
measurement in a variety of settings.
The five-factor model (FFM) (Costa & McCrae, 1985) is a reliable and valid model of
personality (McCrae & Costa, 2010). The FFM proposes that the structure of human personality

2
can be broken down into five distinct personality factors, commonly referred to as the “big five,”
which are extraversion, agreeableness, conscientiousness, neuroticism, and openness to
experience. The big five can be summarized in the following ways: extraversion and
agreeableness both refer to social patterns, conscientiousness refers to work ethic, selfdiscipline, and character, neuroticism refers to negative emotionality, and openness to
experience refers to a mix of curiosity, artistic interests, and introspectiveness. These traits are
distinctive in their own right yet are interconnected with one another. For example,
agreeableness and extraversion both represent social behavior, but agreeableness represents
the preferred quality of a relationship whereas extraversion represents the preferred quantity of
social stimulation.
One relationship that is currently being explored is the connection between personality
traits and educational outcomes. This provides a unique perspective for educators by focusing
on an individual’s traits rather than on the curriculum. The research shows that
conscientiousness has a strong positive association with academic performance, but the other
traits’ findings have been mixed (e.g., Poropat, 2009). Additionally, personality traits are related
to other education-relevant factors including academic stress (Shokri et al., 2007) and
interpersonal relationships (Berry, Willingham, & Thayer, 2000; Kokkinos, Kountouraki,
Voulgaridou, & Markos, 2020). Research has shown that academic stress has a negative effect
on GPA (𝛽 = -.10, p < .01) (Shields, 2008) and that seeking social support is an effective coping
strategy to reduce academic stress (Wilks, 2008). The results of personality assessments may be
useful for both educators and students because educators gain a better understanding of the
nature of their students and students gain a better understanding of themselves.
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Another topic that has been explored recently is the underlying latent personality
classes (e.g., Favini et al., 2018; Yin et al., 2021). Latent class analysis is a statistical technique
that allows the researcher to study the types of people rather than the types of traits one
possesses. One common theory of personality classes comes from Block and Block (1980) and
their three personality prototypes: resilient, undercontrolled, and overcontrolled. The resilient
profile represents a well-adjusted person who may be described as sociable, outgoing, selfdisciplined, open to new ideas and values, and does not experience an overwhelming frequency
of negative emotions. The undercontrolled profile represents a person who may be described as
disagreeable, selfish, impulsive, and frequently experiences negative emotions. The
overcontrolled profile represents a quiet person who may be described as overly constrained,
bland, expressionless, calm, shy, and inhibited.
Latent class analyses have studied the three personality profiles within the FFM (e.g.,
Favini et al., 2018; Yin et al., 2021). The results have found the three personality prototypes as
well as a couple of other classes. The resilient profile is characterized by low scores in
neuroticism and high scores in the other four factors. The undercontrolled profile is
characterized by high scores in extraversion and neuroticism and low scores in agreeableness
and conscientiousness. The overcontrolled profile is characterized by low scores in extraversion,
high scores in neuroticism, and above average scores in conscientiousness. The defining trait of
these three profiles is neuroticism, with high scores being indicative of the overcontrolled or
undercontrolled class. Latent class analyses have reported other classes as well, such as the antiresilient (Yin et al., 2021) and moderate/ordinary (e.g., Favini et al., 2018) classes.
The research on latent class analyses using FFM traits is fairly recent, and work is still
being done to understand the underlying personality classes. Studying classes of individuals may
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yield useful information (Yin et al., 2021). Additional research is needed to determine the
number of latent classes, the boundaries that define the classes, and what classes exist besides
the three personality profiles. Furthermore, this author could not find a study that analyzed
latent personality classes in relation to education. Although studies have investigated the effect
personality traits have on academic performance (e.g., Nguyen, Allen, & Fraccastoro, 2005;
O’Connor & Paunonen, 2007; Poropat, 2009), few studies have related personality traits to
educational attainment (e.g., O’Connel & Sheikh, 2011; van Eijck & de Graaf, 2004). Thus,
research is lacking on the latent classes of personality and how these classes relate to
educational attainment.
This research aims to address the gaps in personality research by analyzing the latent
personality classes and their associations with education attainment. The analysis includes the
big five personality factors, combinations of personality traits, and educational attainment. The
analysis also includes age and gender as covariates to see if these variables differ between
classes. The results may be useful for educators, psychologists, and personality researchers who
are interested in the relationship between personality and education. The next chapter presents
a literature review on the development of personality assessments and models. The subsequent
chapter discusses the methods for the analysis, as well as the dataset used for the analysis. The
fourth chapter will present the results of the analysis with the final chapter discussing the
conclusions and limitations of the study.

5
Literature Review
Development of the Five Factor Model
Sir Francis Galton is the first known person to have suggested the idea of measuring
human characteristics (i.e., personality traits) and standardizing the measurements to create
developmental norms for comparison (Butcher, 2009). In his memoir, Galton (1879) writes “until
the phenomena of any branch of knowledge have been subjected to measurement and number,
it cannot assume the status and dignity of a science” (p. 1). Galton proposed another idea called
the lexical hypothesis which states that “the most important individual differences in human
transactions will come to be encoded as single terms in some or all of the world’s languages”
(Goldberg, 1990, p. 1216). Galton further explored this idea by using the dictionary as a way to
estimate the number of personality trait descriptors available and the number of terms that
shared similar meanings. Although Galton proposed questionnaires as the best method for
obtaining data, he did not create one himself. Still his ideas of measuring human personality
traits, generating comparative norms, and using the dictionary to estimate the number of
personality descriptors were vital to the development of the FFM.
Galton’s ideas would go on a hiatus until Thurstone (1934) began to investigate the
lexical hypothesis in depth. Thurstone was more interested in factor analysis techniques than in
personality assessments but analyzed a data set containing personality trait descriptors in his
study. A list of sixty commonly used personality descriptors were given to 1300 raters. Each
rater was asked to think of a person they knew well and to underline adjectives that might be
used to describe that person in a standard conversation. The result of his study found that five
factors were sufficient to summarize the similarities and differences in the responses
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(Thurstone, 1934). This is one of the first research papers to find that a number of traits
converged into five factors (Goldberg, 1990). Unfortunately, Thurstone never followed up on his
work on the lexical hypothesis, instead opting to study oblique rotations in factor analysis
(Butcher, 2009).
A few years later, Allport and Odbert (1936) refined the list of personality descriptors to
include approximately 4,500 terms from the second edition of Webster’s Unabridged Dictionary.
It was around this time that Raymond B. Cattell began his research in converging personality
trait descriptors into a set number of traits. Cattell (1943) used oblique rotations in factor
analysis to analyze the 4,500 terms determined by Allport and Odbert (1936). While he claimed
to have found dozens of factors, researchers were only able to replicate five of his factors
(Borgatta, 1964; Fiske, 1949; Smith, 1967; Tupes & Christal, 1961/1992). The first of these
researchers was Donald Fiske (1949), who analyzed the Cattell’s work and found that only five of
his factors were replicable “across samples of self-ratings, observer ratings, and peer ratings”
(Goldberg, 1993, p.27). An important review of Cattell’s work comes from Tupes and Christal
(1961/1992). Their review details the findings from a series of personality studies conducted by
the U.S. Air Force between 1954 and 1961. Personality traits were measured in eight samples,
two of which were from Cattell’s research, and the analyses found that only five factors were
replicable across all eight samples. The authors noted several other important findings as well,
including the predictiveness of peer ratings on performance as an Air Force officer, significant
correlations between personality traits and performance, and that personality trait measures
were much more reliable when participants were rated by a group of raters (10-20) as opposed
to a single rater.
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Throughout the 1980s and 1990s, new research supported the FFM over other models
with different factor structures (Digman & Inouye, 1986; Digman & Takemoto-Chock, 1981;
Goldberg, 1990) including evidence of the validity of a five-factor structure (McCrae & Costa,
1987). Up until this point, research on the five-factor model involved complex factor analysis
techniques. This changed in 1992 when Costa and McCrae (1992) released the NEO PI-R and
NEO-FFI. While the original NEO PI utilized a three-factor model of extraversion, neuroticism,
and openness to experience, the NEO PI-R adopted the FFM amid the influx of new research of
the 1980s and early 1990s. The NEO PI-R was the full version of the assessment with 240 items
while the NEO-FFI was a shortened 60-item version of the same assessment. These assessments
and their updated versions have become some of the most widely used psychological
assessments and are used by researchers and counsellors alike.
Naming the Five Factors
Although researchers typically agree that a five-factor model is useful, there has been
debate over how to label the factors. Each factor is defined by a list of trait descriptors, which
are referred to as facets (Costa & McCrae, 1992). Each factor is usually comprised of four to six
facets and factor scores are obtained through measurement of the facets. The measuring of the
facets can utilize different formats. For example, Tupes and Christal (1961/1992) used a series of
yes/no questions to measure four facets for each factor while Costa and McCrae (1992) used a
5-point Likert scale to measure six facets for each factor. To provide a label to the factor, it must
be an accurate representation of the underlying facets, an efficient summarization of the facets,
and be equally understood by different people. As the FFM literature grew, so did the number of
factor labels which has resulted in each factor having multiple labels. It is not uncommon for
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researchers to use the same FFM while using different labels. To avoid confusion, it is necessary
to know the factor labels and the facets associated with each factor.
Some researchers have hypothesized that measuring the underlying facets provides
more useful information than only measuring each factor as a whole (de la Fuente et al., 2021;
Zhang & Ziegler, 2016). As discussed in greater detail below, most of the big five have mixed
relationships with educational outcomes and many studies that compare FFM measures to
educational outcomes do not analyze the facets. However, facet information may be vital to
understand these mixed results.
One proposed use of personality measurement is within education. The research
generally agrees that conscientiousness has a strong positive relationship with various measures
of academic performance. In comparison, the other factors tend to be less strongly related with
academic performance, although this field is still being researched. Few studies research the
relationship between education attainment and personality traits. So far, the few studies that
have studied this relationship have not found strong results.
Factor I: Extraversion/Surgency
Factor I is labelled as extraversion (e.g. Costa & McCrae, 1992; Smith, 1967). The central
feature of extraversion is sociability (McCrae & Costa, 2010) which includes the tendency to
seek companionship, social stimulation, and attention (Ashton, Lee, & Paunonen, 2002; Block,
2010). Extraverts (those high in extraversion) are more optimistic, friendly, and prefer large
gatherings compared to introverts (those low in extraversion). Additionally, extraverts are
reward-seeking, assertive, active, and often become group leaders (Costa & McCrae, 2010).
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This factor has been previously labelled as surgency (e.g., Tupes & Christal, 1961/1992).
The American Psychological Association (APA) defines surgency as being marked by
“cheerfulness, responsiveness, spontaneity, and sociability, but at a level below that of
extraversion or mania” (APA, 2021). While extraverts and introverts represent the poles of the
scale, surgent individuals are closer to the middle. Both labels represent a trait of sociability,
positivity, and a tendency to seek outwards.
Extraversion is defined by the facets warmth, gregariousness, assertiveness, activity,
excitement-seeking, and positive emotions. Warmth describes the tendency to be affectionate,
friendly, and form close relationships. Low scorers on the warmth facet aren’t hostile but are
more reserved (Costa & McCrae, 2010). Gregariousness describes the preference to be around
others and seek social stimulation. High scorers enjoy large groups of people while low scorers
prefer smaller groups or avoiding people altogether. Assertiveness describes the level of
displayed dominance and confidence. High scorers on the assertiveness facet often become
group leaders while low scorers are more hesitant to speak. Activity describes the tempo or
pace of a person’s life. High scorers live fast-paced lives and strive to stay busy. Low scorers are
more relaxed and very low scorers may be considered lazy by others. Excitement-seeking
describes the need to seek out stimulation. Unlike gregariousness, the excitement-seeking facet
deals with environmental stimulation rather than social stimulation. High scorers prefer loud
environments and feel a need for thrills. Low scorers do not share this need for thrills and are
happy in tranquil environments. Lastly, positive emotions describes the frequency of feeling
positive emotions like joy, happiness, and love. This facet is the most relevant to the prediction
of happiness (Schimmack, Oishi, Furr, & Funder, 2004).
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Although one might assume that extraverts and introverts are polar opposites, this is
not necessarily the case. It is more accurate to say that introverts lack certain extraverted traits
(Costa & McCrae, 2010). Taking the opposite of the previously listed extraverted traits would
imply that introverts are unsocial, uncheerful, and are followers. Instead, introverts are reserved
rather than unsocial, relaxed rather than uncheerful, and tend to be independent rather than
followers (Costa & McCrae, 2010). The quiet demeanor of introverts is not always a result of
social anxiety. Introversion itself is not a sign of nervous disorders (the neuroticism factor
contains anxiety-related facets) although low scorers may have issues socializing with others and
forming relationships. Likewise, introverts do not necessarily avoid companionship with others.
It should be noted that those with a histrionic personality disorder score tend to score higher
than average on all extraversion facets (Samuel & Widiger, 2008); a histrionic personality
disorder is characterized by over-dramatization and a long-term pattern of inappropriate
behavior to draw attention (APA, 2021). One may view low scores as “bad” and high scores as
“good,” but extraverts and introverts are simply different from one another.
The relationship between extraversion and education is unclear, although research
tends to show a negative and/or nonsignificant relationship. Two European studies found that
extraversion negatively predicts educational attainment (range: 𝛽 = -.07 to -.078) (O’Connell &
Sheikh, 2011; van Eijck & de Graaf, 2004). Furnham, Nuygards, and Chamorro-Premuzic (2013)
showed a consistent negative relationship between extraversion and students’ coursework and
exam grades in mathematics, life sciences, arts/humanities, and social sciences (range: r = -.19
to -.09). Nguyen, Allen, and Fraccastoro (2005) showed that extraversion negatively predicted
“both final course grades (𝛽 = -.24, t = -3.399, p < .01) and overall GPA (𝛽 = -.138, t = -2.465, p <
.01) after controlling for race and gender” (p. 112). Hakimi, Hejazi, and Lavasani (2011) showed a
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medium negative correlation with student GPA (r = -.31). Other studies have found smaller
negative correlations with student GPA (range: r = -.04 to -.07) (O’Connor & Paunonen, 2007;
Richardson & Abraham, 2012). Extraversion negatively predicted final scores in first-year preclinical medical students (𝛽 = -.12, p < .01), but did not significantly predict final scores for years
two and three (Lievens et al., 2002). Extraverted individuals tend to set goals that compare
themselves to others (Elliot & McGregor, 2001; McCabe, Van Yperen, Elliot, & Verbraak, 2013),
which is detrimental to performance compared to other types of goal setting strategies (van
Yperen, Elliot, & Anseel, 2009). Conversely, a number of other studies report a nonsignificant
relationship between extraversion and academic performance (Chamorro-Premuzic & Furnham,
2008; Spengler, Ludtke, Martin, & Brunner, 2013), including a meta-analysis of 111 studies
(Poropat, 2009). On a more positive note, extraverts have more academic resilience (𝛽 = .276)
and less academic stress (𝛽 = -.202) (de la Fuente et al., 2021) than their less-extraverted peers,
which supports previous findings that social support reduces academic stress and improves
resilience (e.g., Wilks, 2008).
Looking at the facets, there is some evidence that students who score high in
gregariousness, excitement-seeking, and activity perform worse in educational settings than low
scorers. Chamorro-Premuzic and Furnham (2003b) found the facets gregariousness (range: r = .22 to -.14) and activity (range: r = -.27 to -.16) were negatively correlated with written
examination scores. Overall, extraversion was consistently negatively correlated with written
examination scores (range: r = -.02 to -.17). Another study found that medical students higher in
gregariousness (t = -2.08, p < .05) and excitement-seeking (t = -2.18, p < .05) received
significantly lower final scores than their peers (Lievens et al., 2002). These results suggest that
individuals who are fast-paced, socially outgoing, and stimulation-seeking receive lower grades
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than their peers. One may conjecture that these results are due to high scorers on
gregariousness preferring to converse with students than to paying attention in classroom
settings and those high in excitement-seeking may find classrooms dull and boring. Another
interpretation of these findings is that introverts may benefit from less socialization by paying
attention during class and spending more time studying (Chamorro-Premuzic & Furnham,
2003a).
There is some evidence that relationship between extraversion and academic
performance depends on the type of academic setting. It should be noted that this research
measured extraversion using Eysenck’s Personality Questionnaire (Eysenck & Eysenck, 1975)
which follows a two-factor structure: extraversion-introversion and neuroticism-stability.
Maqsud (1980) originally found a negative relationship between extraversion and academic
performance in a Northern Nigerian school, which countered the positive association reported
by British and American studies. Maqsud attributed this difference to the teaching styles, noting
that Nigerian teaching methods required students to hold sustained interest in subject matter
for longer periods of time. Later that year, Maqsud (1980b) compared the personality traits and
academic performance of British boys in modern primary school (mean age = 12.2) with those
from boys in traditional primary school (mean age = 12.6). The primary school utilized social and
interactive teaching methods while the traditional school used teaching methods that were
similar to the Nigerian schools. The author found that extraversion was positively correlated
with academic performance in the modern school (range: r = .38 to .52) and negatively
correlated in the traditional school (range: r = -.39 to -.51), supporting the hypothesis that
teaching styles are associated with extraversion and academic performance. While some crosscultural research supports this hypothesis within primary education (e.g., Orpen, 1976), these
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results were not supported by a meta-analysis of Eysenck personality traits and academic
performance at the primary, secondary, and tertiary education levels (Poropat, 2011).
Factor II: Agreeableness
Factor II is labelled as agreeableness, although it has been labelled as likeability
(Borgatta, 1964) and social adaptability (Fiske, 1949). Agreeableness describes an individual’s
behavior in interpersonal relationships on a scale from compassion to antagonism (Block, 2010;
Caspi, Roberts, & Shiner, 2005; Costa, McCrae, & Dye, 1991; Giluk & Postlethwaite, 2015). High
scorers on agreeableness tend to be cooperative, caring, and sensitive to the needs of others.
Agreeableness and extraversion are both factors that pertain to social behavior and personal
relationships. The difference is that extraversion refers to the preferred quantity of sociability
while agreeableness refers to the preferred quality of sociability (Costa & McCrae, 2010).
Agreeableness is defined by the facets trust, straightforwardness, altruism, compliance,
modesty, and tendermindedness (Costa & McCrae, 2010). Trust refers to the disposition that
others are truthful and kind. Low scorers are distrustful of others and may hold the belief that
people are manipulative or dangerous. Straightforwardness describes the frankness and
sincerity of the person. Low scores indicate that the person is more likely to manipulate others,
though it does not imply that they are dishonest. These manipulations may be viewed as
necessary social skills, such as being polite to a person you do not like (Costa & McCrae, 2010).
Very high scores may indicate that the person is too straightforward with their thoughts and
lacks social polish. Altruism refers to the active concern for the well-being of others. High
scorers believe in a world where people actively care for one another. Low scorers prefer to
avoid problems that do not concern themselves and may come off as self-centered. Compliance
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describes how individuals react in conflicts. High scorers tend to be meek; they let others make
the decision(s) and choose to forgive and forget rather than confront the problem. Low scorers
are aggressive and competitive. Modesty refers to humbleness, though it doesn’t imply low selfesteem or confidence. Low scorers tend to be arrogant and conceited. Tendermindedness refers
to sympathy and empathy. High scorers care deeply about the emotions of others and low
scorers are less empathic.
The agreeableness facets describe the extent to which a person in influenced by the
emotions, needs, and thoughts of others. High scorers are involved in other people’s concerns
and are naturally loving and nurturing. Low scorers are more competitive, manipulative,
egotistical, and conceited. Low scores on all agreeableness facets can indicate the presence of
narcissistic personality disorder (Samuel & Widiger, 2008), a disorder characterized by a pattern
of grandiose self-importance, a lack of empathy, manipulative behavior, a constant need for
attention, and inability to take criticism (APA, 2021).
Agreeableness may have a small positive relationship with academic performance in
college undergraduates. Correlations between agreeableness and academic performance tend
to range between .06 and .16 across different universities and subjects (Furnham, Nuygards, &
Chamorro-Premuzic, 2013; O’Connor & Paunonen, 2007; Poropat, 2009; Richardson & Abraham,
2012). The strength of this relationship decreases with age and education level (Poropat, 2009),
although this may be due to the gradual decrease in agreeableness that happens with age
(Caspi, Roberts, & Shiner, 2005). One study found that agreeableness significantly and positively
predicted final course grades in undergraduate college students (𝛽 = .164, t = 2.173, p < .01)
(Nguyen, Allen, & Fraccastoro, 2005). However, agreeableness did not predict GPA in the same
sample (𝛽 = -.022, t = -.373) and other studies have reported nonsignificant relationships with
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undergraduate exam scores (Chamorro-Premuzic & Furnham, 2003/2008) and final grades of
medical students (Lievens et al., 2002). Agreeable individuals are less likely to commit acts of
academic dishonesty (r = -.11) (Giluk & Postlethwaite, 2015) and are more susceptible to
academic stress from multiple factors, including methodological difficulties with learning
material, public speaking assignments, and low performance control (de la Fuente et al., 2021).
Studies that have investigated agreeableness and academic performance at the facet level
haven’t found noteworthy results (e.g., Chamorro-Premuzic & Furnham, 2003).
Interestingly, agreeableness positively predicts educational attainment (𝛽 = .027, t =
2.16, p < .05) yet negatively predicts earnings in men (𝛽 = -.101, t = -5.41, p < .001) (O’Connell &
Sheikh, 2011). Judge, Livingston, and Hurst (2012) explored these results and found that
agreeableness negatively impacts the income of men more than women (𝛽 = -.21 vs 𝛽 = -.05).
The authors hypothesized that the difference in earnings is due to gender roles. Agreeable men
disconfirm the typical gender role of men and can face backlash in how their competence and
potential are evaluated (Heilman & Wallen, 2010).
Factor III: Conscientiousness
Conscientiousness is the label for factor III. Conscientiousness can be thought of as the
extent to which a person is achievement oriented, dependable, and orderly (Judge, Higgins,
Thoresen, & Barrick, 1999, p. 624). Previous labels for factor III reflect the disciplined and
organized nature of conscientious individuals, which include dependability (Tupes & Christal,
1961/1992), responsibility (Borgatta, 1964a), and strength of character (Smith, 1967). Fiske
(1949) originally labelled factor III as conformity since high scorers tended to conform to societal
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norms, but this excluded other aspects of the factor. High scorers are organized, disciplined,
achievement-oriented, and are thoughtful about their actions.
Facets of conscientiousness include competence, order, dutifulness, achievement
striving, self-discipline, and deliberation (Costa & McCrae, 1992). Competence describes the
extent to which a person is confident in their abilities. High scorers believe they are sensible,
effective, and prepared to deal with life’s challenges. Order describes how organized and tidy a
person is. High scorers prefer staying properly organized while low scorers are unmethodical
when completing tasks. Dutifulness describes how a person adheres to their ethical principles
and moral obligations. High scorers are strict about following their own ethical and moral
guidelines. Low scorers aren’t necessarily devoid of ethics or morals, but they are more relaxed
about these matters. Achievement striving describes the extent to which a person is focused on
achieving their goals. High scorers are diligent in achieving their goals and have high aspirations.
Low scorers do not have high aspirations and may be considered lazy or unmotivated by others.
Self-discipline describes the ability to start and complete tasks, despite the presence of
distractions or setbacks. Low scorers often find themselves distracted or unmotivated to finish
tasks. Deliberation describes the extent to which a person thinks of potential consequences
before speaking or acting. High scorers are cautious and low scorers are spontaneous.
Although this factor contains many desirable traits, very high scores on certain facets
can be indicators of underlying psychological problems. For example, individuals diagnosed with
obsessive-compulsive personality disorder score high on order (r = .25), dutifulness (r = .25),
achievement-striving (r = .25), self-discipline (r = .21), and deliberation (r = .24) (Samuel &
Widiger, 2008). Similarly, scores that are too low are potential red flags. Low scorers on the selfdiscipline facet have poor self-control; they cannot do what they want to do because they
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cannot see tasks through to the end (Costa & McCrae, 2010). The competence facet has a strong
relationship with self-esteem and internal locus of control (Costa et al., 1991) and those with
low scores on this facet may have low self-esteem and/or feel that they cannot control their
futures.
Conscientiousness has a strong, consistent, and positive relationship with academic
performance. Conscientiousness has positive correlations with coursework grades (range: r = .16
to .40) (Furnham, Nuygards, & Chamorro-Premuzic, 2013; Paunonen & Ashton, 2001; Spengler,
Ludtke, Martin, & Brunner, 2013), exam grades (r = .25 to .39) (Chamorro-Premuzic & Furnham,
2003a, 2003b, 2008), and overall GPA (range: r = .19 to .42) (Hakimi, Hejazi, & Lavasani, 2011;
Richardson & Abraham, 2012). Two meta-analyses both found the correlation between
conscientiousness and GPA to be .24 (O’Connor & Paunonen, 2007; Poropat, 2009). Poropat
(2014) provides evidence of observer-rated measures of conscientiousness with academic
performance (r = .43). A Norwegian version of a five-factor inventory found that
conscientiousness and self-efficacy were strongly correlated with academic performance (r = .27
for conscientiousness and .45 for self-efficacy) and military performance (r = .39 for
conscientiousness and .59 for self-efficacy). Regression analyses have found a positive
relationship between conscientiousness and written exam grades with standardized beta
weights ranging between .16 and .32 (Chamorro-Premuzic & Furnham, 2003a, 2003b).
Several studies have investigated the relationships between conscientiousness,
cognitive ability, and academic performance. Poropat (2009) found that partial correlations for
conscientiousness and academic performance ranged between .22 and .24 when controlling for
intelligence. Spengler, Ludtke, Martin, and Brunner (2013) found that coursework grades had
positive correlations with conscientiousness (range: r = .09 to .21) and IQ (range: r = .09 to .24).
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These results show that disciplined and organized individuals perform better in educational
environments, regardless of intellectual capabilities.
Research on the relationships between conscientiousness and other academic factors
illustrate the benefits of being conscientiousness. Conscientiousness is negatively correlated
with academic dishonesty (r = -.18) (Giluk & Postlethwaite, 2015), negatively predicts academic
stress (𝛽 = -.118) (de la Fuente et al., 2021), and positively predicts academic resilience (𝛽 =
.261) (de la Fuente et al., 2021). Conscientious individuals also tend to have deeper learning
goals (McCabe, Van Yperen, Elliot, & Verbraak, 2013; Zhang & Ziegler, 2016) which is positively
correlated to exam scores (r = .33) (Chamorro-Premuzic & Furnham, 2008). Surprisingly, studies
have found that conscientiousness does not predict educational attainment (O’Connell &
Sheikh, 2011; Van Eijck & de Graaf, 2004) yet positively predicts earnings (r = .34, p < .01) (Judge
et al., 1999). The reason why is unknown and warrants further investigation. It may be possible
that conscientiousness individuals find employment opportunities earlier without the need for a
professional degree due to the appeal of their traits. Apparently, individuals who are organized,
thorough, and thoughtful are sought after in various industries.
The consistent positive relationship between conscientiousness and academic
performance and job earnings speak to the importance of conscientiousness in educational
outcomes. It also serves as a warning to the repercussions of having low scores on this factor.
Researchers have theorized that consciousness has the potential to be improved with
interventions, although these interventions are only hypothetical and have not seen testing
(Roberts, Hill, & Davis, 2017). Developing an effective intervention that improves the
conscientiousness facets could greatly benefit those who lack important life skills such as selfdiscipline and organizational skills.
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Factor IV: Neuroticism/Emotional Stability
Factor IV reflects the “susceptibility to personal distress” (Block, 2010, p. 9) and negative
emotions (Costa & McCrae, 2010). Judge, et al. (1999) split personal distress into two domains:
anxiety, containing “instability and stress proneness” (p. 624) and well-being, containing
“personal insecurity and depression” (p. 624). Unlike the other four factors, the different labels
for factor IV alter the direction of the scale. On one hand, some researchers labelled factor IV
such that higher scores meant a higher tolerance for negative emotions. These included the
labels emotional stability (Tupes & Christal, 1961/1992) and emotional control (Fiske, 1949).
Conversely, other researchers labelled factor IV in the opposite direction; higher scores reflect
less tolerance for negative emotions. The labels emotionality (Borgatta, 1964a; Smith, 1967) and
neuroticism (McCrae & Costa, 1985) are examples of this. Neuroticism is the label that this
paper will use where higher scores represent an increased frequency of negative emotions.
Since both neuroticism and emotional stability are common labels for this factor, this paper will
use the terms neuroticism and emotional stability to match the source material but remember
that these terms represent opposite scorings on the scale.
Facets of neuroticism include anxiety, angry hostility, depression, self-consciousness,
vulnerability, and impulsiveness (McCrae & Costa, 2010). The first five facets describe the
tendency to experience certain negative emotions but the tendency to express these emotions
is represented by the agreeableness facets (McCrae & Costa, 2010). High scorers feel these
emotions more frequently and with greater intensity than low scorers, although low scorers
may still feel these emotions at times. The anxiety facet describes a person’s proneness to
anxious emotions, such as fear, worry, and nervousness. Angry hostility refers to the tendency
to experience anger. The depression facet represents depressive emotions, such as
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hopelessness, loneliness, worthlessness, and sadness. Self-consciousness refers to feelings of
shame, embarrassment, and inferiority that arise from social situations. Vulnerability refers to
feelings of stress. The last facet, impulsiveness, refers to the inability to control urges. This facet
shares similarities with the self-discipline facet from Conscientiousness in that both are related
to self-control, but the two are different. Self-discipline refers to the ability to do something
despite distractions, whereas impulsiveness refers to the inability to stop yourself from doing
something.
High levels of neuroticism (i.e., more susceptible to personal distress) are related to
various negative educational outcomes, implying that negative emotionality worsens
educational performance. Neuroticism is correlated with lower levels of educational attainment
(emotional stability: r = .10, p = .01) (O’Connell & Sheikh, 2011), lower levels of proactive
resilience (r = -.21) and higher levels of academic stress factors (r = .40) (de la Fuente et al.,
2021), and worse exam scores (range: r = -.16 to -.31) (Chamorro-Premuzic & Furnham, 2003a;
Hakimi, Hejazi, & Lavasani, 2011). One study found a positive correlation between emotional
stability and academic performance in males (r = .17, p < .05), but this correlation was in the
opposite direction and nonsignificant in females (r = -.09, p > .05) (Nguyen, Allen, & Fraccastoro,
2005). Many studies have linked neuroticism with clinical depression and anxiety (e.g.,
Saklofske, Kelly, & Janzen, 1995), which then correlates to worse academic performance (r = .43
for both depression and anxiety) (Owens, Stevenson, Hadwin, & Norgate, 2012). One issue
might be the focus on emotional issues rather than problem issues. Struthers, Perry, and Menec
(2000) found that problem-focused students had improved motivation (r = .62) and
performance (r = .10) compared to emotion-focused students (r = .42 and r = .05) when
academic stress was present. Though evidence suggests that negative emotionality impacts
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academic performance, one study found that problem-focused coping and emotion-focused
coping did not have a significant influence on grades (r = .10 and .047, p > .05) (Struthers, Perry,
& Menec, 2000).
Other research has investigated the influence of neuroticism specifically on
mathematics. The relationship between neuroticism and mathematics is of particular interest
due to the prevalence of mathematics anxiety (for a review, see Dowker, Sarkar, & Looi, 2016).
Zhang and Ziegler (2016) found that neuroticism was negatively correlated with math selfefficacy (r = -.27) and math self-concept (r = 0.25). Another study also found that neuroticism
correlated with worse grades in math (r = -.06, p < .01) than in other subjects (all p > .05)
(Furnham, Nuygards, & Chamorro-Premuzic, 2013). Schneider, Rench, Lyons, and Riffle (2011)
found that neuroticism has a negative influence on total responses on a mathematical
assessment (r = -.23, p < .05) and a positive correlation of threat appraisal (r = -.24, p < .01).
Despite these findings, meta-analyses report nonsignificant correlations between
neuroticism and academic performance (O’Connor & Paunonen, 2007; Poropat, 2009;
Richardson & Abraham, 2012; Rothstein, Paunonen, Rush, & King, 1994). These results suggest
that some neurotic individuals can cope with their negative emotions such that it doesn’t impact
academic performance. It also suggests that negative emotionality affects mathematics
performance more than other subjects. FFM assessments may be useful screening tools to
identify students who are susceptible to negative emotions and consequently worse grades.
Outside of education, neuroticism negatively predicts quality-of-life measures (𝛽 = .052) (Chapman, Duberstein, & Lyness, 2007) and is negatively correlated with extrinsic career
success (r = -.34) (Judge, Higgins, Thoresen, & Barrick, 1999) and income (r = -.32) (Judge et al.,
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1999) Neuroticism is positively correlated with clinical depression symptoms such as
dependency (r = .36) and self-criticism (r = .52) (Bagby & Rector, 1998).
Factor V: Openness to Experience/Culture/Intellect
Factor V has seen the most controversy surrounding its label and is the least understood
of the big five. It is a measure of “perceptual and cognitive responsivity” (Block, 2010, p. 10).
Caspi, Roberts, and Shiner (2005) describe this trait as a reflection of two domains: openness
(imaginative, aesthetically sensitive) and intellect (curiosity, cleverness). Open individuals are
curious, imaginative, introspective, and feel moved by the arts (e.g., music, dance, paintings).
They enjoy learning things deeply and having conversations about values, beliefs, and ideas.
McCrae and Costa (1997) note that artists and poets are both examples of high scorers since
they are often passionate, creative, and open-minded.
Factor V was first labelled as intellect (Borgatta, 1964a; Fiske, 1949) since open
individuals seemed to have higher intelligence and a knack for learning. It was also labelled as
culture (Norman, 1963; Tupes & Christal, 1961/1992) to reflect the vivid imagination and
“cultural sophistication” (McCrae & Costa, 1997, p. 827) of high scorers, a term that represents a
combination of social polish and artistic interests. Costa and McCrae (1992) were the first
authors to label factor V as openness to experience. The authors argue that intellect and culture
are both misleading labels that miss the curiosity and unorthodox nature of open individuals
(McCrae & Costa, 1997).
Yet there is still one aspect of this factor that all of these labels do not represent:
introspectiveness. Open individuals are fluid in their beliefs and are willing to change stances if
new information prompts them to do so. They act as investigators of themselves who strive to
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understand the roots of their ideas, opinions, values, and emotions and how they connect to
other aspects of their lives. Thus, openness to experience (shortened to openness) is best
described as a combination of intellectual curiosity, artistic interests, vivid imagination, and
introspectiveness. Although this paper uses the label openness coined by Costa and McCrae, it is
not a perfect summarization of this factor.
Openness is defined by the facets fantasy, aesthetics, feelings, actions, ideas, and values
(Costa & McCrae, 2010). Fantasy describes a person’s imagination, the frequency in which they
use it, and the richness of their fantasies. High scorers have a rich fantasy life while low scorers
prefer to stay in the present moment. Aesthetics refers to the appreciation for and interest in
various arts, such as paintings, poetry, and music. High scorers are emotionally moved by the
arts and notice deeper meanings within an artform. The feelings facet is unique from other
emotion-related facets in that it refers to the perceived importance of evaluating and
understanding your own emotions. High scorers feel their emotions more intensely and believe
that emotions are important in their lives. Low scorers do not place too much importance on
emotions and are likely to brush them off. Actions refers to the tendency to try or do new
things. High scorers prefer variety to familiarity while low scorers are the opposite. The last two
facets, ideas and values, refer to the self-evaluative aspects of open individuals. Ideas refers to
intellectual curiosity and a willingness to consider new theories and ideas. Values refers to
willingness to examine currently held values, which may include social, political, and religious
values. High scorers on these facets are more likely to reevaluate their beliefs. Low scorers likely
value traditions and are more stubborn to change their values.
Like some of the other traits, openness has a mixed relationship with academic
performance. Of the big five, openness has the strongest positive correlation with educational
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attainment (r = .36) (O’Connell & Sheikh, 2011), suggesting that intellectual curiosity drives
people to attend higher levels of education. Likewise, openness has small positive correlations
with exam grades (range: r = .12 to .21) (Chamorro-Premuzic & Furnham, 2008; Furnham,
Nuygards, & Chamorro-Premuzic, 2013) and GPA (r = .10) (Hakimi, Hejazi, & Lavasani, 2011). A
couple of meta-analyses have reported small, but significant, correlations with GPA at .10
(Poropat, 2009) and .09 (Richardson & Abraham, 2012). However, other studies have reported
nonsignificant correlations between openness exam scores (Chamorro-Premuzic & Furnham,
2003a, 2003b; O’Connor & Paunonen, 2007; Paunonen & Ashton, 2001). Moreover, regression
analyses often find openness to be a nonsignificant predictor of academic performance (e.g.,
Chamorro-Premuzic & Furnham, 2003a, 2003b; Hakimi, Hejazi, & Lavasanim 2011; Paunonen &
Ashton, 2001).
There are several possible explanations for the difference in results. One possibility is
the combination of gender differences and academic performance measures. Correlations
between gender and openness differ in direction depending on the study (e.g., Kajonius &
Johnson, 2018; Nguyen, Allen, & Fraccastoro, 2005) although the largest N (N = 320,128) study
this author could find reported that females tend to score higher in openness (r = .19) and more
specifically in the feelings facet (labelled as emotionality: 𝑀𝑚𝑎𝑙𝑒 = 14.07; 𝑀𝑓𝑒𝑚𝑎𝑙𝑒 = 15.94; d = .64) (Kajonius & Johnson, 2018). The same study found that males have slightly higher scores in
ideas (labelled as intellect: d = .22), which is in line with findings that that men are interested in
topics dealing with mathematics and “things” and women are interested in topics dealing with
humans and emotions (e.g., Su, Rounds, & Armstrong, 2009).
Additionally, men and women perform differently depending on the task. Men generally
perform better on visuospatial tasks (range: d = .58 to .92) and women generally perform better
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on memory (d = .62), verbal usage (d = .51), and perceptual speed tasks (d = .39) (Johnson &
Bouchard Jr., 2007). These differences favor women in education, as shown by their higher
grades across subjects (range: r = .14 to .19) (Furnham et al., 2013; Nguyen, Allen, &
Fraccastoro, 2005). On the other hand, men tend to perform better on exams, including SAT
scores (Jackson & Rushton, 2006) and scores on exams in an undergraduate management class
(𝛽 = .514, t = 2.083) (Nguyen, Allen, & Fraccastoro, 2005). These results suggest that using GPA
or exam scores as an academic measure may inadvertently advantage one gender over the
other. Future research must carefully pick their academic measures and be aware of the gender
differences in both openness and academic measures.
It would be reasonable that facet-level research would alleviate this discrepancy or at
least provide some answers. Unfortunately, facet-level research has not added much to the
literature as no significant relationship between openness facets and academic performance has
been found (e.g., Chamorro-Premuzic & Furnham, 2003b). However, other work found that the
relationship between openness and education is an indirect one. Openness coupled with deep
learning approaches are shown to mediate the relationship between IQ and exam scores (𝛽 =
.30 for both paths) and account for the shared variance between IQ and exam scores
(Chamorro-Premuzic & Furnham, 2008). Open individuals are more likely to employ deep
learning approaches (r = .46, p < .001) (Zhang & Ziegler, 2016) and show rigor (r = .18) and
dedication (r = .26) in their work (Douglas, Bore, & Munro, 2016). It makes sense that high IQ
individuals who put in effort to learn topics in depth would perform better academically.
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Reliability
Reliability is used to describe “the extent to which [measurements] are repeatable and
that any random influence which tends to make measurements different from occasion to
occasion is a source of measurement error” (Nunnally, 1967, p. 206; from Cortina, 1993, p. 98).
In other words, a person taking a FFM assessment multiple times should score roughly the same
on each attempt and any discrepancy in scoring should be due to changes within the participant
rather than errors in the assessment. McCrae et al. (2011) provide an informative guide on
reliability within FFM assessments (specifically the NEO inventories, but their observations carry
to other assessments as well). Reliability is defined as the proportion of total score variance that
is attributed to true score variance. Because we cannot know true score variance, various ways
of estimating reliability have been developed. Two ways of estimating reliability are discussed:
internal consistency and retest (a.k.a. test-retest) reliability.
Internal Consistency
The first type of reliability is internal consistency, which is a reflection of “the coherence
(or redundancy) of the components of a scale” (McCrae et al., 2011, p. 2). Coefficient alpha
(Cronbach, 1951) is a popular method for measuring internal consistency due to the ease of its
computation and interpretation. Cortina (1993) provides a concise description of coefficient
alpha:
It is a function of the extent to which items in a test have high communalities and thus
low uniqueness. It is also a function of interrelatedness, although one must remember
that this does not imply unidimensionality or homogeneity. (p. 100)
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Coefficient alpha measures the interrelatedness of items that underly the same domain
and can be interpreted as an estimate of the proportion of total variance that is attributed to
true score variance. Generally speaking, a high coefficient alpha implies that a set of items
produce highly consistent scores and score differences between participants mostly reflect true
differences in the measured domain (Cortina, 1993; Green, Lissitz, & Mulaik, 1977; Watkins,
2017).
In the context of FFM inventories, internal consistency refers to the coherence (or
redundancy) of (1) facets within the big five factors and (2) big five factors within the
assessment as a whole. Coefficient alpha has historically been a useful tool for deciding which
questions measure each big five trait (McCrae et al., 2011). A set of items that measure the
same trait should have high item intercorrelations to reflect that they are, in fact, measuring the
same trait (e.g., six items that measure extraversion should have high item intercorrelations). If
an item is not strongly intercorrelated with other items within the same factor, then that item is
likely measuring something other than what is intended and should be removed.
In a broader sense, coefficient alpha simplifies the process of determining which facets
underly each of the big five traits. Throughout most of the 1900s, personality researchers used
rotational factor analysis techniques to estimate the shared variance between items (e.g.,
Cattell, 1943; Fiske, 1949; Norman, 1953; Tupes & Christal, 1961/1992). Often times,
researchers had to make subjective decisions on how to rotate the axes (Tupes & Christal,
1961/1992), which sometimes led to errors. For example, a couple of reviews of Cattell’s work
found errors in his matrices (Digman & Takemoto-Chock, 1981; Tupes & Christal, 1961/1992).
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The general rule is that “[coefficient] alphas below .70 indicate poor reliability and imply
poor predictive validity” (McCrae et al., 2011, p. 2), but this guideline depends on the
assessment and cannot be applied to all assessments. At the factor level, McCrae and Costa
(2010) provide the following coefficient alphas for their NEO inventories that are all above this
rule: neuroticism (𝛼 = .93), extraversion (𝛼 = .89), openness (𝛼 = .89), agreeableness (𝛼 = .90),
and conscientiousness (𝛼 = .92). It is then of considerable interest that the coefficient alphas for
the 30 narrow traits of the NEO PI-R range between .54 and .83 (McCrae & Costa, 2010) where
some alphas are below the rule-of-thumb cutoff of .70. Most notably, the actions facet within
openness has an alpha of .54, which can be seen as problematic. However, McCrae and Costa
(2010) take note of this issue and offer a rebuttal. If multiple items within a facet ask similar
questions, there will be a high alpha regardless of whether the items are good representatives
of the trait itself. On the other hand, if items ask varied questions within a facet and those
questions all tap the same facet, there will be high validity although alpha is considered low
(McCrae & Costa, 2010, p. 71). There is a problem if facets have both low reliability and low
validity, but an item with low reliability and high validity is still useful since it represents its
intended construct (McCrae & Costa, 2010).
Another issue, though uncommon, is that some studies find insufficient coefficient
alphas for the big five factors, especially in shorter assessments. Few et al. (2010) found that a
30-item FFM inventory showed good internal consistency scores across all traits except
neuroticism (𝛼𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚 = .61, 𝛼𝐸𝑥𝑡𝑟𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛 = .88, 𝛼𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠 = .87, 𝛼𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 = .86,
𝛼𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠𝑛𝑒𝑠𝑠 = .92). Block (2010) notes that factor analyses sometimes do not find the
openness factor. This is an uncommon issue but should be kept in mind when analyzing FFM
scores.
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A more common finding is that facets are intercorrelated with other factors. McCrae
and Costa (2010) list all the factor loadings (if greater than .40) between factors and outside
facets. They include angry hostility and neuroticism (r = -.53), vulnerability and
conscientiousness (r = -.46), warmth and agreeableness (r = .43), assertiveness and
agreeableness (r = -.46), activity and conscientiousness (r = .41), excitement-seeking and
agreeableness (r = -.42), feelings and extraversion (r = .43), altruism and extraversion (r = .44),
and finally competence and neuroticism (r = -.41). Few et al. (2010) reported that two facets
were strongly correlated with other big five traits: angry hostility was correlated with
agreeableness (r = -.66) and impulsiveness was correlated with conscientiousness (r = -.70).
These relationships are an expectation of personality research. For example, it makes sense that
warm and affectionate people are also agreeable and that neurotic individuals do not have high
self-concepts of their abilities. Three of the six facets of agreeableness have factor loadings
greater than .40 on extraversion since both are considered facets pertaining to social
relationships and behavior.
Several underlying assumptions must be upheld for coefficient alpha to be used
appropriately (Allen & Yen, 1979). First, item errors must be uncorrelated. Second, the scale
must only measure a single construct. The second assumption is also known as the
unidimensionality assumption. Third, all items must have the same variance in true scores.
Fourth, all items must be equally loaded on the construct. The fourth assumption is also known
as the tau-equivalence assumption.
Of these assumptions, the unidimensionality assumption is the most concerning for FFM
assessments. Unidimensionality and multidimensionality are two common terms that describe
the dimensionality (i.e., the number of subscales) within an assessment. Unidimensionality
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(a.k.a. homogeneity) refers to an assessment where all items measure one common dimension
whereas multidimensionality refers to an assessment with multiple measured dimensions. FFM
assessments are naturally multidimensional since they contain five dimensions: extraversion,
agreeableness, conscientiousness, neuroticism, and openness to experience. Additionally, each
dimension is measured through six facets. This creates a problem when using coefficient alpha
since FFM assessments violate the unidimensionality assumption (e.g., Green & Yang, 2009a,
2009b). This violation turns coefficient alpha into a biased estimator of internal consistency
(Cortina, 1993; Green, Lissitz, & Mulaik, 1977; Green & Yang, 2009a, 2009b). Multidimentional
assessments may have high coefficient alpha levels despite its inappropriate use (e.g., Cortina,
1993; Green, Lissitz, & Mulaik, 1977).
The last assumption of tau-equivalence is also commonly violated. Costa and McCrae
(2010) note that FFM assessments have differential reliability, meaning that items are not
equally loaded on any domain. This includes both the big five and their facets. Due to coefficient
alpha’s limitations and the frequency with which its assumptions are not met, researchers have
studied other internal consistency measures.
One of these new measures is coefficient omega. Zinbarg, Revelle, and Li (2005) provide
a mathematical proof that omega performs at least as good as coefficient alpha when tauequivalence is satisfied but outperforms coefficient alpha when tau-equivalence is violated. This
makes omega an appealing replacement for coefficient alpha in personality research. Coefficient
alpha acts as a lower bound measure of internal consistency compared to omega but can be
larger than omega “when there is little variability in the general factor loadings and relatively
strong group factors” (Zinbarg, Revelle, & Li, 2005, p. 129). Coefficient alpha is a special case of
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omega when coefficient alpha’s assumptions are met (Watkins, 2017; Zinbarg, Revelle, & Li,
2005).
Watkins (2017) explains that omega is a comparison of the different sources of variance
within an assessment and its subscales (i.e., big five personality traits). Omega (𝜔) is split into
four parts: (1) a general factor that represents common variance within all subscales, (2) group
factors that represent variance common to some subscales, (3) variance that is attributed to
only one subscale, and (4) random error. Omega and subscale-specific omegas are denoted to
“reflect the systematic variance attributable to multiple common factors” (Watkins, 2017, p.
1115). Dunn, Baguley, and Brunsden (2013) discuss the other advantages of using omega over
coefficient alpha, but the lack of a tau-equivalence assumption is omega’s main selling point.
Although omega outperforms alpha when multidimensionality is present (Watkins,
2017; Zinbarg, Revelle, & Li, 2005), omega still has the unidimensional assumption. When
multiple scales are present, it is best to split up the subscales and calculate the omegas for each
one separately (Dunn, Baguley, & Brunsden, 2013). Watkins (2017) demonstrates the illusory
effects of coefficients alpha and omega using the Wechsler Adult Intelligence Scale-Fourth
Edition (WAIS). The WAIS measures four domains: verbal comprehension, perceptual reasoning,
working memory, and processing speed. For the entire assessment, coefficient alpha was
measured at .98 and omega was measured at .93. At the subscale level, coefficient alphas were
between .90 and .96 while omega coefficients were lower, measuring between .75 and .88. The
largest difference between coefficient alpha and omega was .19 and found in working memory
(𝛼 = .94; 𝜔 = .75).
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However, there was another index being measured known as omega hierarchal, which
measures the reliability of a single factor purposely being measured by that score (Watkins,
2017). These measures were all below the cutoff point of .5, which means that over half of “the
explanatory power in each index score is due to the general factor” (Watkins, 2017, p. 1119).
This means that the high coefficient alphas and omegas in each subscale were more
representative of the general factor than of each subscale. For instance, working memory had
an omega of .75 meaning that 75% of the variance in working memory scores was due to a
combination of the general factor (in that study, general intelligence) and working memory. In
contrast, omega hierarchal was measured at .10, meaning that 10% of the variance in working
memory is attributed to the working memory construct. So while the omega of .75 is fairly good,
it is overrepresented by the general factor underlying all of the subscales.
In recent years, structural equation modeling (SEM) has become a popular alternative to
coefficient alpha. Ullman and Bentler (2012) define SEM as “a collection of statistical techniques
that allow a set of relationships between one or more independent variables, either continuous
or discrete, and one or more dependent variables, either continuous or discrete, to be
examined” (p. 661). SEM is commonly used for analyzing latent variables, which are variables
that cannot be directly measured and instead must be measured indirectly (Ullman & Bentler,
2012).
There are a number of reasons why SEM is the preferred method for estimating the
internal consistency of FFM assessments. First, SEM is a good method for assessing latent
variables. This works well with the FFM since the five factors are treated as latent variables in
research. Second, measurement error is estimated and removed from analyses which leads to
more accurate internal reliability estimates since they can be directly estimated after removing
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measurement error (Ullman & Bentler, 2012). Third, when analyzing complex and
multidimensional relationships, SEM can simultaneously analyze all of the relationships (Ullman
& Bentler, 2012). This permits an analysis of the big five factors, their facets, and the
relationships between factors and facets simultaneously.
Like many other statistical techniques normality is an underlying assumption of SEM
techniques. The sample size also affects the chi-square statistic, which is often how SEM models
are assessed for model fit. Nonnormal, skewed, platykurtic, and leptokurtic data may need to be
transformed (Ullman & Bentler, 2012). Gignac, Bates, and Jang (2007) reported that in the NEOFFI, SEM overestimates internal consistency by between .02 and .06. Also, omega is more useful
than SEM when the sample size is too small for stable results (Viladrich, Angulo-Brunet, and
Doval, 2017; Yang & Green, 2010). Nevertheless, SEM is the preferred method of analyzing
internal consistency when dealing with multidimensional models (Green & Yang, 2009b).
Retest Reliability
Retest reliability (also known as test-retest reliability) measures the stability of an
assessment over time (APA, 2021). In retest reliability, measures taken at time one are
associated with measures taken at time two with the correlation between the two measures
providing an estimate of reliability. The use of this type of reliability is important for personality
assessments since personality changes over time (e.g., Caspi, Roberts, & Shiner, 2005). Oneweek retest reliabilities range from .91 to .93 for the big five and from .70 to .91 at the facet
level (McCrae et al., 2011). For retest reliability over longer periods of time, McCrae et al. (2011)
analyzed a longitudinal dataset collected by Terracciano, Costa, and McCrae (2006) and
reported the Heise (1969) estimates of retest reliability for each factor and facet. Since there
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were three separate test administrations, the Heise estimates were computed as (𝑟12 ∗
𝑟23 )/𝑟13 , where the r’s represent correlations and the subscripts represent the test
administration (McCrae et al., 2011). The Heise estimates ranged from .83 to .92 for the big five
and from .67 to .86 at the facet level, suggesting that personality trait scores are mostly
consistent across multiple test administrations (McCrae et al., 2011).
Validity
Validity is “the degree to which evidence and theory support the interpretations of test
scores for proposed uses of tests” and is “the most fundamental consideration in developing
tests and evaluating tests” (APA, 2014, p. 11). While reliability can be described as the
consistency of scores from an assessment, validity is the degree to which assessment scores can
be applied within a specific setting. Without validity evidence, it is unknown whether an
assessment’s scores have any practical use.
There are three main types of validity: content validity, criterion validity, and construct
validity (Heale & Twycross, 2015; LoBiondo-Wood & Haber, 2014). Sireci (1998) defines content
validity as a combination of four elements of test quality: “domain definition, domain relevance,
domain representativeness, and appropriate test construction procedures” (p. 101). Content
validity is present if (1) the instrument covers all content relevant to the domain (Heale &
Twycross, 2015; Sireci, 1998) and (2) the instrument’s use is supported with theory and
psychometric evaluations (Embretson, 2013). A subtype of content validity is face validity. Face
validity is present if a panel of experts read the items and agree that they measure the intended
concept.
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Criterion validity refers to the relationship between the respondent’s score on an
instrument and the respondent’s actual behavior (Heale & Twycross, 2015; LoBiondo-Wood &
Haber, 2014). Convergent validity is present when there is a high correlation between the scores
of one instrument and “the scores of another more established instrument of the same concept
when both are administered at the same time” (LoBiondo-Wood & Haber, 2014, p. 294).
Discriminant validity is present when there is a low correlation between the scores of one
instrument and the scores of another instrument of a different concept (Heale & Twycross,
2015). Predictive validity is present when there is a high correlation between the scores of an
instrument and “a future measure of the same concept” (LoBiondo-Wood & Haber, 2014, p.
294). Evidence of convergent, discriminative, and predictive validity shows that an instrument is
measuring the intended construct and the intended construct is predictive of some future
outcome.
Construct validity is “the extent to which a test measures a theoretical construct,
attribute, or trait” (LoBiondo-Wood & Haber, 2014, p. 294). Researchers debate whether
construct validity is a separate type of validity evidence (e.g., LoBiondo-Wood & Haber, 2014) or
a unification of both content and criterion validities (e.g., Grimm & Widaman, 2012; Strauss &
Smith, 2009). Strauss and Smith (2009) write that construct validity “encompass[es] all sources
of evidence supporting specific interpretations of a score from a measure as well as actions
based on such interpretations” (p. 7). Messick (1995) notes the six main elements of construct
validity evidence: (1) content relevance and representativeness, (2) substantive theoretical
rationale, (3) structural fidelity, (4) generalizability, (5) external aspects (i.e., convergent and
discriminative validity), and (6) consequential aspects. Messick’s (1995) six elements of
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construct validity reflect aspects of both content validity and criterion validity. This paper takes
the stance that construct validity reflects the combination of content and criterion validities.
There is considerable empirical evidence supporting the five-factor approach to
personality. Numerous investigations have reported five-factor structures using different
measurement techniques (e.g., Fiske, 1949; Tupes & Christal, 1961/1992; Poropat, 2009) in
various contexts, such as military (e.g., Darr, 2011) and educational (e.g., Poropat, 2009;
Terracciano et al., 2006) settings. Cross-cultural studies find that the five factors are
generalizable across cultures, as are the age-related changes in FFM scores (McCrae, 2002;
Rolland, 2002). Theoretical perspectives on the structure personality are still undergoing
research. While the FFM has amassed a lot of supporting evidence, other personality models
such as the six-factor HEXACO model (Lee & Ashton, 2004) and the sixteen-personality factor
questionnaire (Cattell & Mead, 2008) have gained empirical support as well.
Previously stated evidence advocated for the use of conscientiousness in academic
contexts. Conscientiousness consistently has positive correlations with academic performance
measures and deeper goal-setting habits, as well as predictive utility for academic performance
(e.g., Poropat, 2009). These findings have also been found when controlling for general
intelligence (e.g., Chamorro-Premuzic & Furnham, 2008). A four-year longitudinal study
reported that conscientiousness had predictive validity in overall exam marks (std. 𝛽 = .42) and
final dissertation performance (std. 𝛽 = .24). Altogether, the evidence suggests that the
conscientiousness trait can be practically applied in academic settings, specifically in the
prediction of academic performance. Some have noted that conscientiousness has the potential
to be improved with behavioral interventions (e.g., Javaras, Williams, & Baskin-Sommers, 2019),
but this has not yet been tested.
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In a nonacademic example, Miller (2012) highlights research surrounding the use of FFM
personality assessments in clinical settings to test for personality disorders. In the studies,
practicing clinicians created FFM profiles for a typical case of a given personality disorder (e.g., a
typical FFM profile for a person with depression) (Lynam & Widiger, 2001; Miller, 2012; Samuel
& Widiger, 2004). Then, these profiles were compared to DSM-IV criteria. Interrater agreement
was high for the FFM profiles (e.g., mean r = .94, cited from Samuel & Widiger, 2004).
Miller (2012) provides an overview of convergent validity with regards to personality
disorder ratings in clinical practice. This was done by analyzing the correlations between the
FFM profiles and DSM-IV criteria, which Miller (2012). For convergent validity, depressive
disorders had the largest correlation (r = .61) while OCD had the smallest correlation (r = .16)
with regards to DSM-IV prototypes. Miller (2012) notes that the convergent validity correlations
and effect sizes are “impressive” considering the multimethod aspects of the analyzed studies
and that the personality assessments (such as the NEO-PI-R) were not designed to capture
personality disorders. Of the personality disorders noted in the study, depressive, borderline (r =
.54), and avoidant (r = .54) disorders had the highest correlations with DSM-IV criteria,
suggesting that FFM assessments may be useful for assessing these disorders. Paranoid (r = .41),
antisocial (r = .40), and narcissistic (r = .44) disorders also had good correlations. Several
personality disorders did not show convergent validity, including OCD, histrionic (r = .33), and
schizotypal (r = .32) disorders. These results suggest that FFM assessments may be able to
capture the personality profiles of those diagnosed with personality disorders and can be used
as a screening tool in clinical practice (Miller, 2012). However, the research also suggests that
this is disorder-dependent since not all personality disorders were highly correlated with DSM-IV
criteria.
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Some researchers have cautioned that FFM items are not worded to reflect maladaptive
personality traits that commonly define personality disorders (Haigler & Widiger, 2001; Miller,
2012). Haigler and Widiger (2001) altered the items of the NEO-PI-R to reflect maladaptation in
personality traits which they named the EXP-NEOPIR. The results of their findings suggest that
the EXP-NEOPIR is better at matching maladaptive traits from the DSM-IV criteria than the NEOPI-R since theorized profiles were captured by the EXP-NEOPIR and not the NEO-PI-R (Haigler &
Widiger, 2001). This highlights the importance of adapting FFM items to improve the accuracy
and the interpretive utility of scores in clinical settings.
Other researchers have studied the relationship of FFM profiles with other disorders.
Stepp and Trull (2007) describe the predictive validity of FFM profiles in relation to antisocial
and borderline personality disorders and subsequent behavior. FFM profiles predicted behavior
after six years, including risk avoidance (𝛽𝑎𝑛𝑡𝑖𝑠𝑜𝑐𝑖𝑎𝑙 = -.57 and 𝛽𝑏𝑜𝑟𝑑𝑒𝑟𝑙𝑖𝑛𝑒 = .34), gambling habits
(𝛽𝑎𝑛𝑡𝑖𝑠𝑜𝑐𝑖𝑎𝑙 = .75 and 𝛽𝑏𝑜𝑟𝑑𝑒𝑟𝑙𝑖𝑛𝑒 = -.43), and depression symptoms (𝛽𝑎𝑛𝑡𝑖𝑠𝑜𝑐𝑖𝑎𝑙 = -.33 and
𝛽𝑏𝑜𝑟𝑑𝑒𝑟𝑙𝑖𝑛𝑒 = .47). Stepp and Trull (2007) also showed good discriminant validity between
antisocial/borderline personality disorders and unlikely leisure activities, such as going to public
libraries (𝑟𝑎𝑛𝑡𝑖𝑠𝑜𝑐𝑖𝑎𝑙 = .02 and 𝑟𝑏𝑜𝑟𝑑𝑒𝑟𝑙𝑖𝑛𝑒 = .01) and non-fiction reading preference
(𝑟𝑎𝑛𝑡𝑖𝑠𝑜𝑐𝑖𝑎𝑙 = .06 and 𝑟𝑏𝑜𝑟𝑑𝑒𝑟𝑙𝑖𝑛𝑒 = .01). Researchers warn that FFM scores shouldn’t be used to
diagnose personality disorders, but rather be used alongside other assessments as evidence of
an underlying disorder (Miller, 2012; Stepp & Trull, 2007).
Validity evidence is important whenever new versions of FFM assessments are
presented. Short FFM assessments provide a similar amount of information that the lengthier
alternatives do, though they are not quite as precise (Assad et al., 2021; Few et al., 2010).
Military adaptations of FFM assessments have been shown to be useful in predicting job
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performance in works that sample from military members (e.g., Collis & Barucky, 1999; Darr,
2011). FFM assessments that have been adapted to different languages have been validated as
well (e.g., Yang et al., 1999); we cannot assume that any cross-lingual assessment is valid when
the language of the assessment has changed.
Psychological Testing in the Military
The U.S. military has taken an interest into psychological testing since the early 1900s
with the initial goal of reducing cases of shellshock (now commonly referred to as posttraumatic stress disorder or PTSD). The first assessment was the Woodworth Personal Data
Sheet (Woodworth, 1920) that is comprised of 45 yes-no questions that measured a soldier’s
susceptibility to PTSD. Respondent scores were based on the total number of extreme item
responses, with the more problematic behaviors being labeled as “starred items” (Butcher,
2009). Responses were deemed ‘extreme’ based on the judgment of the psychiatrist
administering the exam. Some questions asked about personality traits, such as Do you make
friends easily?, Do you feel tired most of the time?, and Were you shy with other boys?
(Woodworth, 1920).
Jones, Hyams, & Wessely (2003) summarize the implementation of psychological
screenings throughout WWII and the Korean War. In 1940, the U.S. Selective Service System
issued Medical Circular No. 1 which made psychological screenings necessary for mass
mobilization when the U.S. was involved in WWII. Unfortunately, the military faced a shortage
psychiatrists and self-assessments were substituted for psychiatric examinations. By the end of
WWII, it was clear the screening measures failed to reduce the rate of PTSD as neuropsychiatric
disorders rose to 20,000 cases per month with a peak of 31,000. To make matters worse, an
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analysis by Ellis and Conrad (1948) showed that with the exception of samples with a high
number of psychiatric ‘positive’ cases, the number of cases falsely classified as ‘positive’ greatly
exceeded the number of cases correctly classified as ‘positive’ (Ellis & Conrad, 1948; cited in
Jones, Hyams, & Wessely, 2003). These issues were addressed during the Korean war by
including intelligence testing, yet an analysis by Glass et al. (1956) showed that these measures
“only [predicted] military effectiveness over a brief period” (Jones, Hyams, & Wessely, 2003, p.
43).
Current military research on PTSD prevention has shifted from personality traits to
specific training (e.g., Hourani, Council, Hubal, & Strange, 2011; Wessely et al., 2008). For
example, the U.S. military has created programs such as the Army’s Battlemind I and II and the
Navy and Marines’ COSC to improve stress coping skills and reduce anxiety symptoms (Hourani
et al., 2011). One program that has been of particular interest is stress inoculation training (SIT),
a mixture of psychoeducation, stress-reduction skill training, and implementation (Hourani et
al., 2011). The rationale is that learning stress-reduction skills and applying them in low-stress
contexts improves stress responses in high-stress contexts. While strong evidence is lacking for
these claims (Hourani et al., 2011; Wessely et al., 2008), preliminary small N studies show that
participants who undergo SIT training feel less stress and handle high-stress situations better
than control groups (e.g., Clifton, Matsangas, & Shattuck, 2020).
FFM Personality Assessments in the Military
In light of the shortcomings of psychological testing for PTSD, the military studied other
psychological traits. The previously mentioned Air Force studies conducted by Tupes and
Christal (1958; 1961/1992) introduced personality measures, as well as the FFM, to military
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research. Eventually this led Christal (1993) to develop a personality assessment for use in the
Air Force called the Air Force Self-Description Inventory (AFSDI) based on the FFM. The AFSDI
was a 163-item computer-based personality inventory containing 99 behavioral statements and
64 trait descriptors (Collis & Barucky, 1999; Darr, 2011). The five traits were labelled the same as
the NEO-PI-R: agreeableness, extraversion, conscientiousness, openness, and neuroticism.
Christal (1993) demonstrated the internal consistency of the AFSDI using split-half correlations
and reported values between .89 and .95 in a sample of Enlisted USAF personnel (Christal, 1993;
Collis & Barucky, 1999).
The five-factor structure of the AFSDI has been reproduced in samples of military
officers both from the USAF and U.K. military with high correlations (.89 to .97) between the
composite and factor scores in both samples (Collis, 1995a, 1995b; Collis & Barucky, 1999). Collis
(1995a) demonstrated the cross-validity of the AFSDI using Christal’s method of using the factor
loadings from one sample in computing the correlations between composite and factor scores
of another sample (Collis & Barucky, 1999). Collis (1995b) then tested the psychometric
properties of a U.K. pencil-and-paper adaptation of the AFSDI. Once again, the five-factor
structure reemerged and correlations between composite and factor scores of the U.K. sample
were high while using factor loadings from Christal’s original USAF Enlisted sample. This suggests
that the AFSDI measured the five factors consistently across the cultures of U.S. and U.K.
militaries, types of assessment delivery, and some types of military personnel (Collis & Barucky,
1999).
The AFSDI has been adapted by the militaries of Canada, United Kingdom, New Zealand,
and Australia (Darr, 2011). At this point, the names of the personality assessment changed
based on the nation. The UK calls it the OCEAN, Canada calls it the Trait Self Descriptive
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Inventory, and the US shortened the AFSDI to SDI (Self-Description Inventory). The term SDI is
used below to encompass the original SDI assessment as well as its adapted versions.
One use of the SDI is to correlate personality traits with job performance in military
personnel. For example, a preliminary analysis found that job performance was positively
correlated with agreeableness and openness and negatively correlated with neuroticism in a
sample of 71 airmen (Collis & Barucky, 1999). The strongest relationship with job performance
in this study was agreeableness which had significant positive correlations with all ten job
performance measures (r = .27 to .47). Barron, Carrett, and Bonto-Kane (2016) also found that
agreeableness was significantly and positively correlated to job performance in military airmen,
which included pilots (r = .20) and navigators (r = .284). On the other hand, a meta-analysis
conducted by Darr (2011) found that job performance had larger correlations with
conscientiousness (r = .35), extraversion (r = .19), and neuroticism (r = -.22). Both agreeableness
(r = .13) and openness (r = -.01) had the smallest correlations with job performance and were
not significant at the .05 level. Of the 20 samples used in this meta-analysis, only one came from
military airmen. This may suggest that agreeableness and openness have roles for selection
criteria in aerial branches of the military more so than other military branches. In an alternative
five-factor personality assessment, facet-level research found negative correlations between
work performance and neuroticism (range: r = -.072 to -.119), specifically with the facets
sensitivity of stress (r = .119) and moodiness (r = .113) (Bobdey et al., 2021).
Personality has also been studied in the context of military leadership, although the
results are inconsistent (Bartone, Snook, & Tremble Jr, 2002; Darr, 2011; Johnson & Hill, 2009;
McCormack & Mellor, 2002). For example, agreeableness positively predicted leadership
effectiveness in some studies (Bartone, Snook, & Tremble Jr, 2002; Johnson & Hill, 2009) while
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other studies showed a significant negative relationship (Darr, 2011). Conscientiousness,
extraversion, and openness have been found to either positively predict leadership or have no
significant relationship (Bartone, Snook, & Tremble Jr, 2002; Darr, 2011; Johnson & Hill, 2009).
Darr (2011) measured leadership as a mix of leadership potential ratings and leadership
performance ratings. Leadership potential was significantly correlated with extraversion (r = .22)
and agreeableness (r = -.13), but not with conscientiousness (r = -.03) from the SDI. Johnson and
Hill (2009) used the observer-rating NEO-PI-R and found significant differences between
ineffective and effective leaders in all five traits. Effective leaders had higher extraversion (M1 =
69.07; M2 = 40.17; t(56) = 13.87, p < .0001), openness (M1 = 48.78; M2 = 37.91; t(56) = 4.90, p <
.0001), agreeableness (M1 = 65.82; M2 = 29.91; t(56) = 14.05, p < .0001), and conscientiousness
(M1 = 70.96; M2 = 36.98; t(56) = 15.44, p < .0001), and had lower neuroticism (M1 = 28.42; M2 =
66.43; t(56) = -22.19, p < .0001). In one study, group performance was best predicted by
agreeableness (𝛽 = 7.64) and conscientiousness (𝛽 = 4.80) (Halfhill et al., 2005). Darr (2011) then
compared SDI results to counterproductive work behavior (CWB) CWB was significantly
correlated with conscientiousness (r = -.28), agreeableness (r = -.21), openness (r = -.15), and
neuroticism (r = .33), showing that military members who are emotionally stable, cooperative,
and dutiful are more likely to stay on task and provide benefit to the U.S. military.
Currently, the United States military administers the Tailored Adaptive Personality
Assessment System (TAPAS) to new recruits. Other countries have begun studying personality
traits within their militaries. For example, Canada has researched a psychometrically sound 20item FFM personality assessment named the OCEAN.20 (O’Keefe, Kelloway, & Francis, 2012).
McCormack and Mellor (2002) found that extraversion (r = -.20; p < .005), openness (r = .30, p <
.005), and conscientiousness (r = .29, p < .05) were correlated with higher scores on the
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Evaluation and Development Report – Officers (EDRO) among senior officers (e.g., captain,
major, and lieutenant colonel) in the Australian military. In the same study, military training led
to increased self-confidence, dominancy, and extroversion and decreased neuroticism.
Latent Variable Analysis Techniques
Latent variables are variables that cannot be directly observed (McCutcheon, 1987). The
main idea of latent variable analysis is that correlations among observed variables are due to
each variable’s relationship with a latent variable (McCutcheon, 1987). The latent variable
“explains the relationships between the observed variables” (McCutcheon, 1987, p. 5). In other
words, each observed variable represents a small piece of the latent construct and relationships
between the observed variables are caused by the latent construct. For example, the latent
variable Extraversion explains high correlations among items pertaining to sociability, positivity,
energy levels, and sensation-seeking.
Traditionally, latent variables were measured using factor analysis techniques where
continuous latent variables were measured through continuous or dichotomous observed
variables (McCutcheon, 1987). Researchers used factor analysis techniques to investigate the
FFM in many early studies as personality traits were treated as continuous latent variables and
data was dichotomous (e.g., Tupes & Christal, 1961/1992). On the other hand, an analysis
technique for categorical latent variables did not exist. McCutcheon (1987) notes two reasons
why researchers would be interested in categorical latent variables. The first reason is that
observed and latent variables may be categorical in nature. One example is in typology research
where researchers focus on combinations that actually occur rather than combinations that can
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occur. The second reason is that observed variables may be measured categorically, as is the
case with nominal or ordinal data.
Latent class analysis (LCA) is a form of latent variable analysis where the latent and
observed variables are categorical (McCutcheon, 1987). Two terms are commonly used within
LCA. First, categorical latent variables are commonly referred to as “classes” since they consist
of cases with similar patterns in the observed variables (Weller, Bowen, & Faubert, 2020).
Second, categorical observed variables are known as “indicators” since they indicate the
membership status for each case. In LCA, indicators are analyzed for common patterns across
cases. In this study, responses to the personality items are the indicators. Since the indicators
were measured on a 6-point Likert scale, the data being analyzed is called polytomous data
since there are more than two response options for each item. If a response pattern is common,
it may be indicative of a latent class.
Latent classes are formed using posterior probabilities (PP). A posterior probability is the
probability that the response X belongs to a given latent class C. A high posterior probability
indicates that a given response is more common within members of the latent class. In this
paper, posterior probabilities give insight to personality traits that are characteristic of members
of a latent class. Different latent classes have different posterior probabilities for response
options.
LCA research with personality traits often cites Block & Block’s (1980) theory of
personality structure (e.g., Favini et al., 2018; Isler et al., 2016, 2017). Block and Block (1980)
argue that the structure of personality can be summarized through ego-control and egoresiliency. Ego-control is a spectrum from undercontrolled to overcontrolled. In the context of
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Block and Block’s structure, undercontrolled individuals express their emotions and impulses
relatively immediately regardless of whether it is socially appropriate (Letzring, Block, & Funder,
2005). Overcontrolled individuals inhibit their emotions and rewards and may be viewed by
others as being excessively constrained (Letzring, Block, & Funder, 2005). Ego-resiliency
represents “the ability to adapt one’s level of control temporarily up or down as circumstances
dictate” (Letzring, Block, & Funder, 2005, p. 398). An individual with high ego-resiliency is
flexible and may be either undercontrolled or overcontrolled depending on the setting.
Based on ego-control and ego-resiliency, Block and Block (1980) hypothesized three
personality profiles: resilient, overcontrolled, and undercontrolled. The resilient profile
describes someone who has high ego-resiliency and is about average on the ego-control
spectrum. They represent the “ideal” type who are adaptive, expressive, assertive, confident,
dependable, socially poised, and cheerful individuals (Block & Block, 2006). The overcontrolled
profile describes someone who is more introverted, bland, inhibited, calm, and consistent.
Lastly, the undercontrolled profile describes someone who is relatively impulsive, unpredictable,
self-dramatizing, rebellious, moody, and self-indulgent.
One of the benefits of Block and Block’s approach to personality structure is its
theoretical basis. Lewin (1951) viewed psychological systems of being able to control how
information is processed. One of his concepts is called elasticity, which refers to the ability of
“the psychological system” to change its degree of permeability (Farkas & Orosz, 2015).
Permeability is responsible for altering how information is processed in various systems of the
brain. Block and Block (1980) reinterpreted permeability and elasticity into ego-control and egoresiliency, respectively. Block and Block (1980) then made their personality model measurable
through the use of Q-sets, where respondents sorted a set of cards labelled with personality
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descriptors based on the intent of the study. Block and Block (2006) embarked on a 30-year
longitudinal study. The authors measured personality traits from ages 3 to 23 and showed how
ego-control and ego-resiliency change over time. In general, participants at age 23 were more
controlled and resilient than they were at age 3 so the traits were not completely stable. Egocontrol correlations across ages were consistently positive for both males and females. Block
and Block (2006) state that individual differences in ego-control at age 3 are “identifiable” and
that these “individual differences continue to importantly distinguish people for at least the next
20 years” (p. 323). Conversely, ego-resiliency correlations across ages were gender dependent,
with males having consistently positive correlations and females having little to no relationship
between childhood and adolescence. For females, measures of ego-resiliency taken during the
childhood years carries no implications for ego-resiliency during adolescence.
Block and Block’s three personality profiles have been characterized in the context of
the FFM. The resilient profile is characterized by low scores on neuroticism and above average
scores on all other big five factors (Rammstedt, Riemann, Angleitner, & Borkenau, 2004). The
undercontrolled profile is characterized by high scores on neuroticism and low scores on
agreeableness and conscientiousness, representing the traits impulsive, rebellious, and
unreliableness. The overcontrolled profile is characterized by even higher scores in neuroticism
and low scores on extraversion and openness. This paints the overcontrolled profile as a
neurotic introvert who lacks the social skills to express their negative emotions, though this is
not always true.
Recently, researchers have proposed adding a fourth personality profile may be a more
comprehensive personality framework (Isler, Fletcher, Liu, & Sibley, 2017). However,
researchers debate on what this fourth profile should be. Typically, this last profile reflects (1)
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the profile of the average person or (2) the profile of a more extreme version of the
undercontrolled profile. Isler et al. (2016, 2017) labelled the fourth profile as brittle, which is
characterized by high neuroticism and low scores on all other factors. The authors argued that
while three and four profile models have acceptable fit, adding the brittle profile improved the
interpretability of the classes and the predictive ability. Favini et al. (2018) used a profile
labelled moderate which was characterized by average scores across all factors. Yin et al. (2021)
conducted a meta-analysis of 34 studies with 36 independent samples. While the analysis
showed that three and four profile models were the most common, the nature of the fourth
profile was inconsistent across the studies with 20 using the moderate profile (renamed to
ordinary) and 11 using the brittle profile (renamed to anti-resilient). It is plausible that a five
profile model is best to accommodate these profiles, although the small percentage of cases in a
fifth profile makes this unlikely (e.g., Favini et al., 2018).
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Method
Research Questions
This study aims to answer the following questions:
1. Does the FFM emerge in the sample?
2. Are the items/scales in the SAPA assessment reliable?
3. Are Block and Block’s (1980) personality profiles present?
4. Are education level, age, and gender associated with any of the resulting latent
classes?
Questions one and two refer to the FFM of personality. Question one refers to whether
the FFM is an adequate fit for the data. This is determined by several fit criteria used in latent
variable analyses. Hu and Bentler (1999) provide guidelines for the fit indices, including
comparative fit index (CFI) and Tucker-Lewis index (TLI) greater than .95, a standardized root
mean squared residual (SRMR) less than .08, and a root mean square error of approximation
(RMSEA) less than .06 as indicating that the hypothesized model fits the data well. The second
question refers to whether the five scales and their items meet the criteria for good reliability.
As this paper will discuss in more detail later, a modified version of coefficient alpha will be used
according to the procedure and guidelines set by Raykov and Marcoulides (2015).
Questions three and four refer to the latent class model derived from the sample.
Question three refers to whether the resilient, overcontrolled, and undercontrolled profiles
appear in the resulting latent classes. Item response patterns within each big five factor indicate
whether a latent class is high, low, or average for each factor. Once the personality profiles of
the latent classes have been determined, they will be compared to FFM personality profiles
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from previous works. A similar personality profile indicates that the resulting latent class is
similar to the class that was found in other studies. For example, a latent class with high scores
for agreeableness, conscientiousness, extraversion, and openness with low scores in
neuroticism would be labelled as the resilient class because previous works have found that the
resilient class has this personality profile. Question four refers to whether the covariates
education level, age, and gender are associated with any of the latent classes in the final
solution. It may be that some classes are more strongly associated with a covariate than others.
SAPA
The Synthetic Aperture Personality Assessment (SAPA) Project is a free web-based
personality assessment that uses items from the International Personality Item Pool (IPIP)
(Goldberg, 1999). The SAPA personality assessment consisted of 25 items where each factor was
measured with five items. Item responses were coded on a 6-point Likert scale (1 – Very
Inaccurate; 2 – Moderately Inaccurate; 3 – Slightly Inaccurate; 4 – Slightly Accurate; 5 –
Moderately Accurate; 6 – Very Accurate) while education attainment was coded on a 5-point
scale (1 – high school; 2 – finished high school; 3 – some college; 4 – college graduate; 5 –
graduate degree).
Items in the dataset are labelled using a combination of the first letter in the big five
factor and the question number. For example, E5 represents the fifth item pertaining to
extraversion. The complete list of items can be found in Table 1. Items marked with a “(−)”
symbol are negatively worded.
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Table 1
Items in the SAPA Project personality assessment
Extraversion
E1 (−)
E2 (−)
E3
E4
E5
Agreeableness

Don’t talk a lot.
Find it difficult to approach others.
Know how to captivate people.
Make friends easily.
Take charge.

A1 (−)
A2
A3
A4
A5
Conscientiousness

Am indifferent to the feelings of others.
Inquire about others’ well-being.
Know how to comfort others.
Love children.
Make people feel at ease.

C1
C2
C3
C4 (−)
C5 (−)
Neuroticism

Am exacting in my work.
Continue until everything is perfect.
Do things according to a plan.
Do things in a half-way manner.
Waste my time.

N1
N2
N3
N4
N5
Openness

Get angry easily.
Get irritated easily.
Have frequent mood swings.
Often feel blue.
Panic easily.

O1
Am full of ideas.
O2 (−)
Avoid difficult reading material.
O3
Carry the conversation to a higher level.
O4
Spend time reflecting on things.
O5 (−)
Will not probe deeply into a subject.
Note. Items marked with a (−) indicate items were a low score indicates a high loading on the related
factor.
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Sample
The original sample consisted of 2800 respondents that answered the SAPA items in
2010. Participant data came from an online database. It is not known how participants were
selected or if they came across the SAPA assessment on their own accord. Education level
information was missing for 223 participants (81 male, 142 female) and those participants were
removed from the study. Thus, data sample consisted of 2577 respondents where just over twothirds of respondents were female (67.48%, N = 1739). The ages of male respondents ranged
from 12 to 74 years (M = 28) and the ages of female respondents ranged from 11 to 75 years (M
= 30). Information was not collected on the location, race, or ethnicity of respondents. The
mean level of education for both male and female respondents was “some level of college”
(male = 3.178; female = 3.196). Almost half of the sample reported their education level as being
“some college” (N = 1249). The other education level options were reported less frequently. Less
than ten percent of the sample reported that they were still in high school (N = 224) and over
ten percent of the sample reported having high school degrees (N = 292). For higher education,
over fifteen percent of the sample reported having a college degree (N = 394) or a professional
degree (N = 418).
Procedures
Mplus version 8.7 (Muthen & Muthen, 2021) was used for all analyses in this study.
Before analyses could begin, a decision needed to be made on whether to treat the 25
personality items as continuous or categorical variables. Raykov and Marcoulides (2011) state
that Likert scale items may be treated as continuous variables if each item has at least five
response options and if responses are not piled on the first or last category for each item. Since
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both of these conditions were met, the Likert items may be treated as either categorical or
continuous variables. In this study, items were treated as categorical variables with the
exception of computing scale reliability estimates.
Estimation methods were used when dealing with missing data. When the indicators are
categorical, Mplus provides several weighted least squares (WLS) estimators (Muthen &
Muthen, 2017). The weighted least squares mean and variance adjusted (WLSMV) estimator
was used as it is default in Mplus when using categorical variables. It has been shown to be a
useful estimator for models with ordinal variables (e.g., Nussbeck, Eid, & Lischetzke, 2006). The
Likert scales were treated as continuous to estimate scale reliability. In this regard, maximum
likelihood (ML) was used as the default estimator for missing data.
Scale reliability estimates using polytomous data were computed as discussed in Raykov
& Marcoulides (2015). In their work, the authors discuss how to calculate coefficient alpha for
assessments with ordinal scales and how to check whether coefficient alpha significantly differs
from the estimated population composite reliability. This method stems from Raykov’s (1997)
previous study on determining if the calculated coefficient alpha differs significantly from the
estimated population composite reliability estimate. That study found that if (1) the entire
confidence interval for coefficient alpha is above .70 and (2) the difference between item
loadings and the average item loading is less than .2, then the maximum difference between
coefficient alpha and the population composite reliability is .02. Raykov (1997) concludes that
the difference of .02 between coefficient alpha and population reliability is insignificant,
meaning that coefficient alpha can be reasonably used as an estimate of scale reliability. Their
method involves running two bootstrap analyses to check if these conditions are met. In the first
bootstrap analysis, factor loadings derived from a number of bootstrap draws (2000 in their
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example) are used to calculate the point and bias-corrected interval estimations of coefficient
alpha. This paper uses the 95% confidence intervals for coefficient alpha to check if the first
condition is met. In the second bootstrap analysis, the individual and average item loadings are
compared to check if the second condition is met.
Several items in the SAPA assessment were negatively worded. For the most accurate
scale reliability estimates, negatively worded item response scores were reversed. The reversed
scores were only for the scale reliability computations.
Two latent variable analyses were conducted. First, a confirmatory factor analysis (CFA)
assessed (1) the fit of items within the FFM framework and (2) provided item reliability
estimates. The purpose of this analysis was to provide evidence of the FFM within the sample
and assess the usability of the items. For this analysis, the fit of the FFM was assessed for both
males and females but education level and age were excluded from the analysis. Next, two
latent class analyses assessed (1) the presence of Block and Block’s three personality profiles, (2)
the presence of other personality profiles, and (3) whether education level, gender, and age
covariates differ between latent classes. The latent class analysis used the original six-point
Likert scale treated as categorical indicators. The number of latent classes in the final model was
mostly based on the interpretability of the classes in the final solution. Fit statistics were used
secondarily, including BIC, AIC, and latent class proportions.
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Results
Descriptive Statistics
Descriptive statistics and item reliability estimates can be found in Table 2. For the
means of each item, keep in mind that the scale ranges from one to six. Generally, positively
worded item means were between four and five (between “slightly accurate” and “moderately
accurate”). For negatively worded items, their means were between two and four (between
“moderately inaccurate” and “slightly accurate”). Item means were generally similar between
males and females, though females tended to score slightly higher on the agreeableness,
extraversion, and conscientiousness factors while males scored slightly higher on the openness
factor. Education and age means were similar for both males and females.
Item reliability can be estimated with 𝑅 2 values (Wang & Wang, 2020). In CFA, an item’s
𝑅 2 value is equivalent to the square of the item’s standardized factor loading. Since the squared
standardized factor loading represents the proportion of indicator variance explained by the
latent factor, it can be considered an estimate of item reliability (Wang & Wang, 2020). Item
reliability estimates were lower than those reported in other works (e.g., McCrae & Costa, 2010;
Poropat, 2009). Only item N1 had an 𝑅 2 value above .70 and it was only for females. Many 𝑅 2
values were below .50 and items A1 (𝑅 2 = .11 for males; 𝑅 2 = .12 for females) and O4 (𝑅 2 = .02
for males and females) had especially low 𝑅 2 values. However, the items were left in
subsequent analyses since the objective of this paper is to analyze latent classes.
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Table 2
Descriptive Statistics
Male

Item

Female
𝑅

2

Mean

SD

N

𝑅2

Mean

SD

N

E1 (−)
E2 (−)
E3
E4
E5
Agreeableness

3.317
3.289
3.925
4.235
4.291

1.656
1.618
1.406
1.518
1.368

834
832
829
835
835

0.32
0.56
0.50
0.57
0.45

2.800
3.027
4.079
4.540
4.516

1.576
1.579
1.308
1.404
1.293

1723
1729
1728
1735
1723

0.28
0.50
0.49
0.52
0.37

A1 (−)
A2
A3
A4
A5
Conscientiousness

2.706
4.513
4.352
4.485
4.405

1.414
1.255
1.327
1.459
1.313

837
828
832
837
834

0.11
0.41
0.58
0.30
0.67

2.218
4.998
4.773
4.897
4.697

1.358
1.059
1.235
1.414
1.199

1726
1724
1721
1726
1727

0.12
0.42
0.55
0.24
0.56

C1
C2
C3
C4 (−)
C5 (−)
Neuroticism

4.529
4.275
4.242
2.681
3.483

1.220
1.339
1.316
1.406
1.654

832
834
831
831
833

0.35
0.33
0.27
0.53
0.52

4.552
4.462
4.370
2.420
3.132

1.223
1.289
1.265
1.332
1.599

1724
1723
1729
1724
1728

0.30
0.33
0.29
0.56
0.51

N1
N2
N3
N4
N5
Openness

2.808
3.280
2.926
3.212
2.469

1.554
1.523
1.543
1.587
1.482

830
834
836
833
830

0.63
0.64
0.56
0.48
0.39

2.935
3.567
3.312
3.132
3.182

1.562
1.519
1.615
1.549
1.627

1728
1724
1731
1713
1722

0.74
0.68
0.55
0.49
0.33

O1
O2 (−)
O3
O4
O5 (−)
Other

5.003
2.662
4.538
4.947
2.431

1.059
1.554
1.205
1.196
1.366

833
838
835
832
836

0.46
0.18
0.64
0.02
0.23

4.742
2.746
4.432
4.898
2.497

1.141
1.557
1.209
1.206
1.310

1724
1739
1720
1732
1725

0.45
0.19
0.64
0.02
0.24

Extraversion

Education
3.178
1.192
838
3.196
1.064
1739
Age
28.939 10.744
837
30.111
10.829
1739
Note. Descriptive statistics included are mean score, standard deviation, number of respondents per
item, and item reliability estimates (𝑅2 ). Items marked with (−) indicate that low scores indicate a

higher score on its related factor.
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Scale reliability estimates can be found in Table 3. Four of the five big five factors did not
meet the two conditions required for coefficient alpha to be a stable estimate for scale
reliability (Raykov, 1997; Raykov & Marcoulides, 2015). The only factor that met both
requirements was conscientiousness with an estimated scale reliability of .719. Agreeableness
and openness failed both of the conditions. Extraversion and neuroticism only failed the second
condition by having item loading differences greater than (−.2, .2). This is evidence that the
extraversion and neuroticism factors do not meet the tau-equivalence requirement, even
though these factors had the two highest coefficient alpha values (𝛼𝐸 = 0.762; 𝛼𝑁 = 0.814). As
shown in Raykov’s (1997) work, violating the tau-equivalence assumption can cause coefficient
alpha to underestimate scale reliability.
Since item O4 was the only item in the openness factor where the difference between
its item loading and the average item loading was greater than (−.2, .2), an additional analysis
was conducted where O4 was removed. The results of this additional analysis showed that the
tau-equivalence assumption was met, but a substantial increase in coefficient alpha was not
found (𝛼𝑂,𝑛𝑒𝑤 = 0.615).
Confirmatory Factor Analysis
First, a CFA was conducted to confirm (1) that a five-factor structure exists within the
dataset and (2) that items correctly pertain to their factors (e.g., items A1-A5 measure the same
factor). The item loadings for the five-factor solution can be found in Table 4. The analysis
resulted in model fit indices that were less than desirable, with CFI (.807), RMSEA (.088), and
SRMR (.073) all not reaching recommended cutoff values. A low CFI indicates that the
hypothesized model is not that different from the null model (Savalei, 2018). In the context of
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Table 3
Scale Reliability Estimates

𝛼
0.676

A

95% CI for 𝛼
[0.656, 0.695]

Avg. Item
Loading
0.711

A1 (−)
A2
A3
A4
A5
E

-0.205
0.008
0.216
-0.046
0.028
0.762

[0.747, 0.775]

0.919

E1 (−)
E2 (−)
E3
E4
E5
C

0.057
0.223
-0.126
0.072
-0.226
0.719

[0.702, 0.734]

0.795

C1
C2
C3
C4 (−)
C5 (−)
N

-0.151
-0.019
-0.088
0.103
0.155
0.814

[0.802, 0.824]

1.062

N1
N2
N3
N4
N5
O

Item Loading – Avg. Item
Loading

0.199
0.148
0.094
-0.200
-0.240
0.601

[0.579, 0.621]

0.625

O1
-0.014
O2 (−)
0.076
O3
0.149
O4
-0.283
O5 (−)
0.073
Note. Alpha point/interval estimates <.70 and item loading differences ≥(-.20, .20) are bolded.
Items marked with (−) indicate that low scores indicate a higher score on its related factor.
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this study, the low CFI means that the FFM is not clearly defined in this sample. Despite the poor
fit statistics, item loadings were generally not an issue and all items were statistically significant
at the .05 level. Most item loadings were above .50 which matches the facet-level loadings
reported in the NEO-PI-R Professional Manual (McCrae & Costa, 2010). Several items have small
loadings on their factor, most notably items A1 (male = .318; female = .349) and O4 (male =
.149; female = .154).
Correlations between the latent variables can be found in Table 5. There is a high
correlation between extraversion and agreeableness for both males (𝑟 = 0.73) and females
(𝑟 = 0.70) which is reasonable considering that both factors represent dimensions of social
behavior. A noticeable difference can be found in the correlations between extraversion and
openness for males (𝑟 = −0.41) and females (𝑟 = −0.56) showing that this distinction is more
evident in females. Besides these correlations, many of the other correlations ranged between
0.20 and 0.40 which shows that personality factors covary at least somewhat together. All
correlations were statistically significant at the .05 level.
Latent Class Analysis
Several latent-class models were analyzed in Mplus with three-class through six-class
solutions being tested. The fit statistics and class proportions for the three- through six-class
solutions can be found in Table 6. The main criterion in determining the latent class model was
the interpretability of the classes. Class interpretability was determined by several criteria. First,
the latent classes must have a clear response pattern for at least one of the big five factors.
Response patterns were determined by grouping together item PP’s that were similar in nature
within a big five factor. With the six-point Likert scale, similar response options included
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Table 4
CFA Results
Male

Item

Female

Loading

S.E.

Loading

S.E.

0.59

0.025

0.47

0.030

E2 (−)

0.76

0.019

0.69

0.034

E3

-0.72

0.020

-0.65

0.031

E4

-0.76

0.019

-0.70

0.036

E5

-0.70

0.022

-0.58

0.032

A1 (−)

0.32

0.034

0.35

0.031

A2

-0.64

0.026

-0.61

0.036

A3

-0.74

0.021

-0.82

0.041

A4

-0.56

0.030

-0.53

0.042

A5

-0.84

0.020

-0.76

0.038

C1

0.60

0.029

0.57

0.035

C2

0.58

0.029

0.57

0.033

C3

0.49

0.030

0.55

0.032

C4 (−)

-0.72

0.026

-0.74

0.040

C5 (−)

-0.75

0.024

-0.67

0.034

N1

0.80

0.017

0.78

0.034

N2

0.79

0.018

0.82

0.034

N3

0.73

0.018

0.80

0.037

N4

0.75

0.022

0.59

0.030

N5

0.59

0.027

0.71

0.040

O1

0.64

0.033

0.71

0.041

O2 (−)

-0.44

0.035

-0.41

0.031

O3

0.83

0.032

0.73

0.039

O4

0.15

0.040

0.15

0.030

O5 (−)

-0.56

0.033

-0.41

0.029

RMSEA

CFI

TLI

SRMR

Extraversion
E1 (−)

Agreeableness

Conscientiousness

Neuroticism

Openness

Fit Statistics
𝜒 2 (d.f.)

6873.182(625)
0.088
0.807
0.815
0.073
*All two-tailed p-values <.001. Items marked with (−) indicate that low scores indicate a higher score on its related
factor.
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Table 5
Big Five Factor Correlations
A
E
C
N
O
A
-0.70
-0.38
0.30
-0.36
E
0.73
--0.34
0.29
-0.56
C
-0.32
-0.45
--0.30
0.34
N
0.22
0.31
-0.38
--0.13
O
-0.27
-0.41
0.36
-0.17
-*All two-tailed p-vales <.001. Male correlations are left of the
diagonal and female correlations are right of the diagonal.
**Correlations >.50 are bolded.

grouping options one through three (inaccurate rating), four through six (accurate rating), and
three and four (middle ratings). Members could score high, low, average, or inconsistently
across the big five. These grouping options were used to assess the FFM profiles for members of
the latent classes. In some cases, response patterns were present for only one or two items
within a big five factor. These items are still included when analyzing the latent classes since the
items can provide useful, though limited, information about class members.
The second criterion was that latent classes should not overlap too much in personality
traits. The five-class model was rejected due to two resilient classes emerging where the
personality profile was not different. Latent classes may share similarities within their
personality profiles, though it cannot be to the extent that the profiles are identical. For
example, all four classes scored moderate or high in agreeableness but they differ on the other
personality factors.
Ultimately, the four-class solution was chosen because the classes were both
meaningful and easy to interpret. One may notice in Table 6 that the fit statistics for the fiveclass solution were better than the four-class solution, indicated by lower BIC and AIC with an

-95042.72

-94603.01

6 Class

7 Class
196125.73

196015.51

196016.69

881

755

629

0.870

0.863

0.860

0.860

0.857

Entropy

0.13

0.18

0.15

0.35

0.39

1

0.11

0.23

0.19

0.27

0.36

2

0.11

0.15

0.18

0.18

0.25

3

0.17

0.09

0.31

0.20

4

0.24

0.14

0.16

5

Class Membership Proportions

Note. Fit statistics include AIC, BIC, and Entropy. Class proportions may not represent the same types of classes across models. Model was

190968.02

191595.45

192334.29

503

-95538.14

196637.63

5 Class

193692.88

-96343.44

4 Class

197369.62

377

195162.52

Number of Free

-97204.26

BIC

3 Class

AIC
Parameters

Logliklihood

Model

Latent

Comparison of Latent Class Models

Table 6

0.18

0.20

6

0.06

7
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equivalent entropy. However, when latent class models with five or more classes were analyzed
it became difficult to determine the personality profiles of the new classes. This is because there
was not a clear pattern in the posterior probabilities of the new classes or because the new
classes had the same personality profile as another class. The four classes were labelled as
resilient, moderate, anxious extraverts, and overcontrolled. Entropy was good for the four-class
solution (.860).
Of Block and Block’s (1980) personality types, resilient and overcontrolled profiles
appeared in class solutions but the undercontrolled profile did not show itself in any solution.
This may be because few participants chose answers that would align then with the
undercontrolled profile. The univariate stats provided by Mplus show that an extremely small
percentage of participants selected answers that would indicate very low agreeableness or
conscientiousness. For scores indicating low levels of agreeableness, 2.8% (N = 73) of
respondents chose “very accurate” for item A1, 1.5% (N = 38) of respondents chose “very
inaccurate” for item A2, 2.9% (N = 75) of respondents chose “very inaccurate” for item A3, and
2.0% (N = 51) of respondents chose “very inaccurate” for item A5. For item scores indicating low
levels of conscientiousness, 2.3% (N = 59) of respondents chose “very accurate” for item C1,
3.1% (N = 78) of respondents chose “very inaccurate” for item C2, 2.9% (N = 75) of respondents
chose “very inaccurate” for item C3, and 2.0% (N = 51) of respondents chose “very accurate” for
item C4. As will be discussed in more detail below, it seems likely that there were a select few
respondents who possess the undercontrolled profile but that it was subsumed by one or more
of the latent classes.
The largest class contained 34.50% (N = 889) of respondents and was labelled as the
moderate class. The PP’s for this class can be found in Table 7. As the name suggests, the
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Table 7
Moderate Class Posterior Probabilities

1

2

Response Options
3
4

5

6

Agreeableness
A1 (−)
0.26
0.36
0.20
0.12
0.07
0.00
A2
0.00
0.02
0.05
0.26
0.49
0.19
A3
0.01
0.04
0.07
0.30
0.47
0.12
A4
0.02
0.05
0.07
0.21
0.29
0.36
A5
0.00
0.03
0.07
0.31
0.50
0.09
Extraversion
E1 (−)
0.15
0.31
0.20
0.21
0.11
0.03
E2 (−)
0.05
0.35
0.21
0.28
0.10
0.02
E3
0.01
0.09
0.20
0.46
0.22
0.02
E4
0.00
0.04
0.11
0.24
0.46
0.15
E5
0.00
0.04
0.13
0.36
0.39
0.08
Conscientiousness
C1
0.00
0.04
0.12
0.36
0.42
0.07
C2
0.00
0.07
0.16
0.35
0.34
0.08
C3
0.00
0.08
0.13
0.37
0.35
0.08
C4 (−)
0.12
0.39
0.26
0.18
0.04
0.00
C5 (−)
0.08
0.24
0.20
0.31
0.15
0.03
Neuroticism
N1
0.15
0.33
0.25
0.20
0.07
0.00
N2
0.04
0.24
0.23
0.33
0.15
0.00
N3
0.11
0.30
0.18
0.27
0.12
0.01
N4
0.09
0.31
0.24
0.27
0.08
0.01
N5
0.15
0.32
0.20
0.21
0.10
0.24
Openness
O1
0.00
0.03
0.11
0.37
0.36
0.13
O2 (−)
0.13
0.31
0.22
0.23
0.10
0.02
O3
0.00
0.03
0.15
0.43
0.33
0.05
O4
0.00
0.05
0.08
0.27
0.39
0.21
O5 (−)
0.10
0.40
0.28
0.16
0.05
0.00
Note. PP ≥ .30 bolded. Items marked with (−) indicate that low scores indicate a higher score
on its related factor. Response options are as follows: 1 – Very Inaccurate; 2 – Moderately
Inaccurate; 3 – Slightly Inaccurate; 4 – Slightly Accurate; 5 –Moderately Accurate; 6 – Very
Accurate.
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moderate class was characterized by choosing answer categories two through five and not
choosing the “very accurate” or “very inaccurate” answer options. Not much else can be said
about the moderate class as choosing middle-of-the-road responses was the only clear response
pattern.
The PP’s are similar to the item means. With respect to the big five, this translates to
“moderate” scores for this sample being high agreeableness, somewhat high extraversion,
conscientiousness, and openness, and somewhat low scores for neuroticism. Some PP’s for
“very inaccurate” or “very accurate” were still fairly high, as is the case for item A4. This class is
similar to the moderate/ordinary category that other researchers have found (e.g., Favini et al.,
2018; Yin et al., 2021) although this sample’s means for agreeableness.
The second class consisted of 27.29% (N = 703) of respondents and was labelled as the
resilient class. The PP’s can be found in Table 8. The FFM profile of this class matched the
resilient-FFM profiles from other works (e.g., Rammstedt, Riemann, Angleitner, & Borkenau,
2004) that is characterized by low scores in neuroticism and high scores on the other factors.
Resilients had the highest scores for agreeableness, conscientiousness, extraversion, and
openness and the lowest scores for neuroticism. From the FFM profile, individuals in this class
enjoy being in the company of others, are self-disciplined without being excessively constrained,
and are emotionally stable yet still experience some negative emotions.
The third class consisted of 18.52% (N = 477) of respondents and was labelled as the
anxious extravert class. The PP’s can be found in Table 9. This class was characterized by the
second-highest scores for neuroticism, agreeableness, extraversion, and openness as well as the
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Table 8
Resilient Class Posterior Probabilities

1

2

Response Options
3
4

5

6

Agreeableness
A1 (−)
0.51
0.26
0.09
0.05
0.06
0.04
A2
0.02
0.03
0.02
0.08
0.30
0.55
A3
0.02
0.02
0.03
0.07
0.33
0.53
A4
0.02
0.03
0.02
0.11
0.21
0.61
A5
0.02
0.01
0.02
0.07
0.33
0.54
Extraversion
E1 (−)
0.40
0.26
0.12
0.10
0.09
0.03
E2 (−)
0.46
0.28
0.07
0.12
0.04
0.03
E3
0.02
0.04
0.06
0.20
0.43
0.27
E4
0.02
0.03
0.04
0.07
0.33
0.51
E5
0.02
0.04
0.03
0.11
0.38
0.42
Conscientiousness
C1
0.04
0.04
0.04
0.14
0.36
0.38
C2
0.03
0.06
0.05
0.15
0.42
0.30
C3
0.02
0.04
0.06
0.18
0.42
0.27
C4 (−)
0.59
0.24
0.06
0.08
0.04
0.00
C5 (−)
0.42
0.27
0.09
0.14
0.06
0.03
Neuroticism
N1
0.52
0.26
0.10
0.10
0.02
0.00
N2
0.31
0.30
0.14
0.16
0.07
0.02
N3
0.42
0.30
0.12
0.12
0.03
0.00
N4
0.43
0.32
0.08
0.11
0.04
0.01
N5
0.46
0.27
0.10
0.11
0.04
0.03
Openness
O1
0.00
0.00
0.01
0.09
0.37
0.50
O2 (−)
0.46
0.24
0.08
0.11
0.06
0.04
O3
0.02
0.02
0.05
0.18
0.39
0.35
O4
0.05
0.06
0.03
0.17
0.32
0.37
O5 (−)
0.39
0.33
0.11
0.09
0.05
0.03
Note. PP ≥ .30 bolded. Items marked with (−) indicate that low scores indicate a higher score
on its related factor. Response options are as follows: 1 – Very Inaccurate; 2 – Moderately
Inaccurate; 3 – Slightly Inaccurate; 4 – Slightly Accurate; 5 –Moderately Accurate; 6 – Very
Accurate.
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highest proportion of “very accurate” responses for item O4 (p = 0.59). Additionally, members of
this class scored above-average for conscientiousness and openness. The anxious extravert class
is most similar to the resilient class with the exception of anxious extraverts scoring at least
above-average on all neuroticism items. Although only a couple of the neuroticism PP’s are
above .30, there are far higher PP’s for the “accurate” options than the “inaccurate” options
which indicates high neuroticism. The personality profile describes members of this class as
naturally people oriented and altruistic with a mix of underlying anxiety, self-consciousness, and
mood swings.
This class has not previously been noted in literature to this author’s knowledge. This
class may be a second type of resilient class where members are susceptible to personal distress
and are self-reflective, seemingly to a fault. While this class shares the high extraversion and
neuroticism of the undercontrolled profile, scores on agreeableness are on the opposite end of
the scale from undercontrollers. From this analysis, it appears that the undercontrolled profile is
not the only class characterized by high extraversion and neuroticism. The anxious extravert
class may be a sort of hybrid of the resilient and undercontrolled profile.
The fourth class consisted of 19.69% (N = 507) of respondents and was labelled as
overcontrolled. The PP’s can be found in Table 10. This class had the lowest scores for
extraversion across all classes while also having above average scores for neuroticism and
openness. The overcontrolled class reflects a quiet, socially submissive person who represses
their underlying negative emotions because they lack the social skills and/or are too anxious to
express their feelings. Scores for agreeableness and conscientiousness were average or slightly
below average, although the overcontrolled class was more likely to rate item C5 (“Waste my
time.”) as accurate than any other class. This class was also likely to rate item O4 as very
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Table 9
Anxious Extravert Class Posterior Probabilities

1

2

Response Options
3
4

5

6

Agreeableness
A1 (−)
0.41
0.20
0.10
0.13
0.09
0.07
A2
0.01
0.02
0.01
0.11
0.34
0.50
A3
0.01
0.02
0.03
0.12
0.36
0.47
A4
0.05
0.06
0.03
0.11
0.20
0.55
A5
0.03
0.05
0.04
0.17
0.30
0.42
Extraversion
E1 (−)
0.36
0.18
0.12
0.15
0.11
0.09
E2 (−)
0.25
0.20
0.11
0.21
0.14
0.09
E3
0.03
0.05
0.09
0.22
0.37
0.25
E4
0.04
0.07
0.05
0.14
0.34
0.36
E5
0.02
0.03
0.06
0.14
0.34
0.41
Conscientiousness
C1
0.03
0.04
0.07
0.19
0.35
0.32
C2
0.04
0.06
0.06
0.13
0.35
0.36
C3
0.06
0.08
0.09
0.19
0.32
0.27
C4 (−)
0.32
0.22
0.13
0.16
0.13
0.05
C5 (−)
0.19
0.15
0.09
0.18
0.20
0.18
Neuroticism
N1
0.06
0.08
0.09
0.25
0.27
0.25
N2
0.03
0.03
0.04
0.26
0.28
0.36
N3
0.03
0.06
0.07
0.24
0.33
0.28
N4
0.06
0.10
0.12
0.29
0.22
0.22
N5
0.12
0.13
0.08
0.21
0.22
0.24
Openness
O1
0.01
0.02
0.04
0.16
0.28
0.49
O2 (−)
0.30
0.17
0.11
0.16
0.12
0.14
O3
0.02
0.03
0.06
0.17
0.36
0.34
O4
0.00
0.02
0.04
0.08
0.27
0.59
O5 (−)
0.40
0.23
0.11
0.10
0.11
0.05
Note. PP ≥ .30 bolded. Items marked with (−) indicate that low scores indicate a higher score
on its related factor. Response options are as follows: 1 – Very Inaccurate; 2 – Moderately
Inaccurate; 3 – Slightly Inaccurate; 4 – Slightly Accurate; 5 –Moderately Accurate; 6 – Very
Accurate.

69
Table 10
Overcontrolled Class Posterior Probabilities

1

2

Response Options
3
4

5

6

Agreeableness
A1 (−)
0.19
0.34
0.15
0.19
0.11
0.02
A2
0.04
0.13
0.13
0.33
0.30
0.08
A3
0.09
0.20
0.19
0.31
0.19
0.03
A4
0.11
0.16
0.15
0.19
0.23
0.16
A5
0.05
0.21
0.24
0.31
0.17
0.03
Extraversion
E1 (−)
0.05
0.14
0.13
0.18
0.25
0.25
E2 (−)
0.02
0.06
0.08
0.24
0.33
0.28
E3
0.19
0.28
0.22
0.23
0.07
0.01
E4
0.17
0.29
0.21
0.15
0.16
0.02
E5
0.11
0.24
0.18
0.20
0.23
0.04
Conscientiousness
C1
0.03
0.13
0.14
0.18
0.33
0.18
C2
0.07
0.16
0.12
0.21
0.31
0.13
C3
0.06
0.17
0.12
0.29
0.24
0.12
C4 (−)
0.15
0.24
0.18
0.23
0.16
0.05
C5 (−)
0.07
0.12
0.08
0.20
0.30
0.23
Neuroticism
N1
0.19
0.18
0.13
0.21
0.18
0.09
N2
0.09
0.14
0.11
0.24
0.28
0.14
N3
0.13
0.19
0.10
0.19
0.22
0.16
N4
0.07
0.11
0.11
0.24
0.27
0.20
N5
0.19
0.20
0.13
0.20
0.16
0.13
Openness
O1
0.01
0.10
0.13
0.17
0.30
0.29
O2 (−)
0.30
0.27
0.11
0.11
0.13
0.08
O3
0.08
0.14
0.12
0.26
0.28
0.12
O4
0.00
0.05
0.03
0.11
0.26
0.55
O5 (−)
0.30
0.24
0.27
0.17
0.08
0.04
Note. PP ≥ .30 bolded. Items marked with (−) indicate that low scores indicate a higher score
on its related factor. Response options are as follows: 1 – Very Inaccurate; 2 – Moderately
Inaccurate; 3 – Slightly Inaccurate; 4 – Slightly Accurate; 5 –Moderately Accurate; 6 – Very
Accurate.
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accurate which likely taps into the constrained nature of the overcontrolled type. This
overcontrolled FFM profile is overall consistent with other works, although neuroticism scores
are lower in this paper’s findings than other works (e.g., Yin et al., 2021). The overcontrolled
type is introverted, prone to negative emotions, and average or below average in the other
traits.
Covariates: Education Level, Gender, Age
The relationship between the latent classes and the covariates education level, gender,
and age was tested using the three-step method that is automatically implemented in Mplus
(Wang & Wang, 2020). The estimates provided by Mplus can be found in Table 11. When
interpreting the estimates, odds ratios (OR) are used by taking 𝑒 to the 𝑥 𝑡ℎ power where 𝑥 is the
estimate (i.e., 𝑒 𝑥 = 𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 ). Results are reported as odds ratios (OR) for comparing a
comparison class to the reference class. For example, the gender estimate between the
overcontrolled and resilient classes is .701 when overcontrolled is the reference class. Since
gender is a binary variable where 0 represents males and 1 represents females, it can be
interpreted as the following: being female makes the odds of being classified as resilient 𝑒 .701 =
2.016 times as likely as being classified as overcontrolled.
Of the covariates, education level had the least noticeable effect on class membership.
A lower reported education level increased the odds of being in the anxious extravert class than
the moderate class (𝑂𝑅𝑚𝑜𝑑 = 1.143, 𝑝 = .027 where 𝑂𝑅𝑚𝑜𝑑 uses the anxious extravert class
as the reference class when comparing to the moderates class). Education level did not have a
significant effect on the odds ratios for other classes. Despite one class difference being found,
education level overall did not have a meaningful effect with respect to the latent classes.
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Gender significantly affected the odds ratios for several classes. Being a male increased
the odds of being classified as overcontrolled compared to all other groups (𝑂𝑅𝑟𝑒𝑠 = 2.016, 𝑝 <
.001; 𝑂𝑅𝑚𝑜𝑑 = 1.872, 𝑝 < .001; 𝑂𝑅𝑎𝑛𝑥 𝑒𝑥𝑡 = 2.930, 𝑝 < .001). These odds ratios show that
males are more likely to resemble the overcontrolled personality profile than females, even in a
sample where over half of respondents were female. Likewise, being a female increased the
odds of being classified as an anxious extravert compared to all other classes (𝑂𝑅𝑟𝑒𝑠 =
1.454, 𝑝 = .018; 𝑂𝑅𝑚𝑜𝑑 = 1.567, 𝑝 = .003; 𝑂𝑅𝑜𝑣𝑒𝑟 = 2.930, 𝑝 < .001). The resilient and
moderate classes did not have significant gender differences between them (𝑂𝑅 = 1.077, 𝑝 =
.547).
Age was only significant for the resilient class. Being older made one slightly more likely
to be resilient compared to other classes (𝑂𝑅𝑟𝑒𝑠 = 1.024, 𝑝 < .001; 𝑂𝑅𝑚𝑜𝑑 = 1.033, 𝑝 <
.001; 𝑂𝑅𝑜𝑣𝑒𝑟 = 1.031, 𝑝 < .001). No other significant differences in age were found.
This latent class analysis was performed to provide further evidence of the existence of
Block and Block’s (1980) three personality profiles within the FFM of personality and to add to
the literature of latent personality classes. The CFA found that the FFM was not well
represented in this assessment. Fit statistics showed that the FFM was not much different from
the null model (see Table 4). Scale reliability estimates were smaller than those reported in
previous works (e.g., McCrae & Costa, 2010) and item reliability estimates were generally below
.50. Some item reliability estimates, such as the ones for item O4, were far below what is
acceptable for an assessment. The results from the CFA indicate that this assessment needs
revision if it is to measure the big five factors. With regards to research question one (“Does the
FFM emerge in the sample?”) the fit statistics indicate that the FFM did not emerge in this
sample using this assessment. With regards to research question two (Are the items/scales in
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the SAPA assessment reliable?”) the items were not reliable as indicated by many items having a
𝑅 2 value below .5. Scale Coefficient alphas were lower than those reported in other works (e.g.,
McCrae & Costa, 2010).
Table 11
Comparison of Gender, Education Level, and Age Across Latent Classes
Reference Class

Comparison Class
Anxious Extravert

Resilient

Moderate

Overcontrolled

Resilient
Gender
Edu
Age

−
−
−

-0.074
0.084
-0.032

0.374
-0.134
0.008

-0.701
-0.069
0.001

Moderate
Gender
Edu
Age

0.074
-0.084
0.032

−
−
−

0.449
-0.134
0.008

-0.627
-0.069
0.001

Anxious Extravert
Gender
Edu
Age

-0.374
0.051
0.024

-0.449
0.134
-0.008

−
−
−

-1.075
0.065
-0.006

Overcontrolled
Gender
0.701
0.627
1.075
−
Edu
-0.015
0.069
-0.065
−
Age
0.031
-0.001
0.006
−
𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒
Note. All significant (𝑝 < .05) estimates bolded. Odds Ratios are calculated as 𝑒
.
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Discussion
The results of the latent class analysis found a four-class solution to be the best model.
The overcontrolled and resilient profiles appeared as it has in other FFM latent class analyses,
but the undercontrolled profile did not emerge. As previously stated, this author conjectures
that there were too few disagreeable answers chosen for this profile to emerge as its own class.
Item means for the agreeableness factor indicate that average respondent was quite agreeable
which may affect the emergence of the undercontrolled class. This analysis found the
moderate/ordinary profile mentioned in other works (e.g., Favini et al., 2018) as well as an
anxious extravert class that was not found in previous work. The anxious extravert class was
defined by high agreeableness, neuroticism, extraversion, and openness with mixed scores for
conscientiousness. It seems members in this class enjoy an active social life and care for others
but are prone to negative emotionality. It is possible that it is an offshoot from the resilient class
for those who share a similar personality profile to the resilient profile except that they are
more prone to mood swings, anger, and stress. With regards to research question three (“Are
Block and Block’s (1980) personality profiles present?”), one of the three personality profiles did
not emerge in this sample.
This analysis did not find educational attainment to be associated with latent
personality classes given that the covariate was only significant between two classes where the
OR was small. Gender and age had more meaningful results. Males were more likely to be
overcontrolled and females were more likely to be anxious extraverts compared to other
classes. Age was positively related to the resilient class, which means that older respondents
were more likely to be resilient compared to other classes. With regards to research question
four (“Are education level, age, and gender associated with any of the resulting latent classes?”),
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education level was mostly unrelated to the latent class predictions. On the other hand, older
respondents were more likely to be classified as resilient and males were more likely to be
classified as overcontrolled.
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Limitations
This study is limited in a couple ways. A major limitation is that the fit statistics from the
CFA indicated that the FFM did not fit the data. This may be due to several reasons, such as poor
item selection or not having an adequate number of items on the assessment. Despite the poor
fit of the FFM, the four-factor solution from this study is similar to other four-class solutions
from FFM-based latent class analyses. Three of the four classes were similar to those in other
works (i.e., the resilient, overcontrolled, and moderate classes). However, the undercontrolled
class did not appear as it has in other works. Instead, an anxious extravert class emerged,
characterized by high agreeableness, extraversion, openness, and neuroticism. A possible
limitation of this study is the sample did not contain many participants that would be classified
as disagreeable, which may be why the undercontrolled class did not emerge.
The second limitation is that the number of questions is too small to adequately
investigate the influences of the facets that underly the five factors. Some studies have reported
that narrow traits may be more useful in understanding personality characteristics and how they
correlate with education (e.g., Rothstein et al., 1994). At the very least, facet information
provides a more in-depth view of personality than just using the big five since there are thirty
personality traits instead of five. In the context of latent class analyses, comparing facet
information across latent classes would make the traits of each class more defined.
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